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Abstract
Precipitation changes are one of the most important potential outcomes of a warming
climate because of how essential it is to society and ecosystems. Sub-daily precipitation time
series provide more information on precipitation characteristics, particularly frequency, intensity,
and duration compared to daily data. In a series of four manuscripts, this research investigates
sub-daily precipitation characteristics from a climatological perspective. The first study
introduces a climatology of hourly precipitation for four first-order weather stations across
Louisiana, explores possible changes in the hourly precipitation distribution, and links winter
Gulf of Mexico sea surface temperatures to the frequency of hours with precipitation. The
second manuscript introduces a climatology of hourly precipitation characteristics, investigates
trends in precipitation hours, accumulation, and uses four different times series to determine if
precipitation intensity is changing across the Southeast U.S (SeUS) from 1960–2017. The third
study uses regression to determine the effect of the El Niño-Southern Oscillation on winter
precipitation characteristics at 54 first-order weather stations across the SeUS from 1950–2017.
The final study tests for trends in annual maximum accumulation series, station specific annual
90th percentile hourly accumulations, average and maximum dry spell durations, and maximum
annual wet period. Results from these studies show the hourly precipitation distribution has
changed across the region. While the frequency of annual precipitation hours remains largely the
same at most stations in the SeUS, average accumulations and intensity of hourly events have
increased while the average duration of events decreased. The magnitude of the heaviest hourly
events showed little change at most stations and the frequency of 90th percentile events did not
increase broadly across the region, revealing changes in the distribution are largely caused by
more hours with above average accumulations.
vii

Chapter 1. Background and This Study
1.1 Introduction
Precipitation is a fundamental component of the hydrologic cycle and drives many of the
biological, chemical, and physical processes within the Earth system (Fu et al. 2016). Generally,
liquid water is evaporated over land and water surfaces by incoming solar radiation. Evaporated
water is then lifted into the atmosphere where it condenses and forms into clouds that eventually
precipitates back to Earth in different forms depending on air temperature. This process, called
the hydrologic cycle, constantly circulates water around the Earth and produces differing
intensities, amounts, and frequencies of precipitation for different locations depending on local
geography.
Understanding precipitation climatological characteristics, such as frequency, intensity,
and duration, and determining the dynamics of the physical processes responsible for variation in
precipitation patterns are important areas of climate research (Karl and Knight 1998; Chen et al.
2009; Yu and Li 2012; Burauskaite-Harju et al. 2012). All locations have an established mean
and standard deviation of precipitation frequencies, intensity, and duration on differing temporal
scales; however, climate change is projected to alter the precipitation distribution (Karl and
Trenberth 2003; Trenberth et al. 2003; Trenberth 2011; IPCC 2014). To better understand the
significance of projected climatic change, the historical record of precipitation and its variability
must be examined so projected conditions can be placed in a longer-term (observational record)
perspective (Bradley et al. 1987).
Positive variations in energy in the atmosphere due to greenhouse gases, known as
radiative forcing, generally yield increased heating at the Earth’s surface (Trenberth et al. 2003).
A warmer surface results in a warmer atmosphere that can retain more moisture. This is
1

explained by the Clausius-Clapeyron (C-C) equation that describes the relationship between
temperature and the moisture-holding capacity of the atmosphere, and in approximation, the
capacity changes 7% per 1 °C. Thus, with temperatures rising, it is plausible that locations with
sufficient moisture (assuming moisture and moisture convergence is not a limiting factor) could
receive more precipitation in less time even if total precipitation amounts remain constant
(Groisman et al. 1999; Katz 1999; Karl and Trenberth 2003; Trenberth 2011). In fact, Prein et al.
(2017) asserted that hourly precipitation extremes in the contiguous United States should
significantly increase in areas with abundant moisture. However, it is clear that moisture changes
will not be uniform everywhere (Trenberth et al. 2003), and while precipitation may become
more intense, individual rainfall events could become less frequent, of a shorter duration, or
accompanied by longer dry spells (Groisman and Knight 2008; Powell and Keim 2015).
The Southeast US (hereafter SeUS) has already felt the effects of a changing climate
(Powell and Keim 2015), with a steady rise in temperatures since the mid-1970s (NCADAC
2013) accompanied by a large decrease in the daily temperature range (Powell and Keim 2015).
The character of precipitation has also changed within the region with regards to the magnitude
of heavy precipitation (Keim 1999) and the frequency of extreme events (Kunkel 2003). In
recent decades, summer precipitation variability across the SeUS has increased interannually,
with large year-to-year fluctuations between exceedingly wet and dry summers (Wang et al.
2010, Li et al. 2013). Long-term trends in rainfall, particularly in total amount, are hard to
discern because of large regional variability (Powell and Keim 2015), but generally, locations
across the SeUS are experiencing increased precipitation intensity (Powell and Keim 2015,
NCADAC 2013, USGCRP 2017).
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Recent extreme events across the region have also raised questions on the impacts of
climate change. For example, the August 10–14, 2016 southern Louisiana rainfall event
produced a 48-hour rainfall accumulation of 797.3 mm (31.39 in.), the highest in recorded
history for Louisiana. Rapid attribution research by van der Wiel et al. (2017) estimated that the
probabilities and intensity of extreme precipitation events of this return period have increased
since 1900, indicating climate change has created a situation where extreme rainfall is more
likely. Other recent extreme precipitation events across the SeUS include Hurricane Harvey in
Houston, Texas (> 1524 mm in 5-days), Charleston, South Carolina (> 660 mm in 4-days), and
Pensacola, Florida (> 381 mm in 1-day).
An additional concern is natural variability in the climate system and its role on
precipitation variation in the region. The El Niño-Southern Oscillation (ENSO) has been shown
to be the most important determinant of variability in global precipitation fields (Dai et al. 1997,
Dai and Wigley 2000) and can be detected at the regional scale (Douglas and Englehart 1981,
Ropelewski and Halpert 1986). Clearly, local geography dictates local precipitation
characteristics; however, any mechanism that influences temporal rainfall patterns (i.e., induces
droughts, floods, etc.) becomes critical in understanding and estimating rainfall variability
through time. It is well understood that ENSO affects precipitation anomalies (totals) in the
United States and SeUS (Ropelewski and Halpert 1986; Climate.gov); however, it is not fully
known how precipitation characteristics are influenced. To date, no research exists on how
hourly precipitation frequency, intensity, or duration change during different phases of ENSO.
1.2 Problem Statement
A large quantity of research exists on precipitation trends at differing temporal (i.e., daily,
weekly, monthly, and annual) and spatial (i.e., local, regional, national, and hemispheric) scales.
3

A majority of observational precipitation research focuses on the daily scale, often averaging or
summing daily (or two-day) precipitation into one data point, primarily because most in situ data
are recorded daily (Zolina et al. 2010; Zolina et al. 2013; Trenberth et al. 2017). These data are
extremely valuable for determining daily, seasonal, and annual trends in precipitation, but lack
the resolution to accurately determine the frequency, duration, and intensity of precipitation
events that generally occur on minute to hourly scales. Most rainfall, especially heavy and
extreme events, are concentrated in periods of only a few hours (Belville and Stewart 1983;
Keim and Muller 1992; Keim and Muller 1993). It is also clear that precipitation events
infrequently transpire for an entire day and even when they do, precipitation rates within the
event can vary dramatically (Trenberth and Zhang 2018).
Hourly precipitation data provides researchers the ability to determine the timing of
precipitation and also sub-daily trends that are often overlooked. Use of hourly precipitation data
also provides a better local perspective of rainfall variations. The timing, amount, duration, and
intensity of rainfall can vary considerably across a small distance (Burauskaite-Harju et al.
2012). For example, summer convective rainfall occurs on a small spatiotemporal scale (Hudlow
1979) and to capture those details, a finer temporal resolution of data is needed. Further, if
changes in frequency, intensity, or duration of precipitation are occurring as a result of a
changing climate, hourly precipitation data should be sufficient to detect those deviations, even if
total precipitation amounts are not noticeably changing for a region or location (Powell and
Keim 2015). This is because sub-daily precipitation time series provide better information on the
intensity and duration of a precipitation event compared to daily-resolved data (Trenberth et al.
2003).

4

1.2.1 Manuscripts
In a series of four manuscripts, this dissertation focuses on hourly precipitation
characteristics using data from first-order weather stations. The first manuscript, Hourly Rainfall
Climatology of Louisiana (Chapter 2), served as a pilot study and examined hourly precipitation
characteristics at four first-order weather stations in Louisiana, the wettest state in the contiguous
United States (Keim 2019). This manuscript is currently in press in Theoretical and Applied
Climatology (Brown, V.M., Black, A.W. and Keim, B.D., 2018. Hourly rainfall climatology of
Louisiana. Theoretical and Applied Climatology, pp.1–17.). The goal of that manuscript was to
become familiar with hourly precipitation data, establish a reproducible method to create and
quality control a large amount of hourly data, investigate changes in the hourly precipitation
distribution, and assess the link between winter Gulf of Mexico sea surface temperatures and the
frequency of precipitation hours in Louisiana. Data assimilation techniques developed in this
manuscript were used in the three subsequent manuscripts.
The second manuscript (Chapter 3), Climatology and Trends in Hourly Precipitation for
the Southeast United States, introduces a climatology of hourly precipitation characteristics,
investigates trends in precipitation hours, hourly accumulation, and uses four different times
series to determine if precipitation intensity changed across the SeUS from 1960–2017. This
manuscript is currently under review in the Journal of Hydrometeorology. The manuscript uses
mapping techniques, such as kriging and natural breaks classification, to visualize seasonal and
annual precipitation characteristics and regression to test for trends. Results from this study
highlight climatological differences in hourly precipitation characteristics, which have not
previously been shown, and reveals significant changes in hourly precipitation across the region
since 1960, possibly related to a warming climate.
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The third manuscript currently under review (Chapter 4), El Niño-Southern Oscillation
Impacts on Hourly Precipitation Across the Southeastern United States, investigates the effect of
ENSO on winter precipitation characteristics at 54 first-order weather stations across the SeUS
from 1950–2017. Using time series of precipitation hours, accumulation, duration, intensity, and
frequency of individual precipitation events, regression was used to assess the relationship
between ENSO, using the Oceanic Niño Index (ONI), and each precipitation characteristic at
each station. Mapping techniques, similar to the second manuscript, were also used to visualize
how precipitation characteristics changed during different phases of ENSO. Results confirmed
that accumulation is not the only parameter of precipitation that changes during ENSO events
and shows, using parameter estimates, how dramatically precipitation characteristics change with
ENSO phase.
The final manuscript (Chapter 5), Trend Analysis of Multiple Extreme Hourly
Precipitation Time Series in the Southeast United States, investigates trends in annual time series
at 50 first-order stations across the SeUS states from 1960–2017. Using both parametric
(regression) and non-parametric (Mann-Kendall) methods, trends were assessed in the magnitude
of annual maximum one, three, six, twelve, and eighteen-hour events, station specific annual 90th
percentile hourly accumulations, average and maximum dry spell durations, and the longest
consecutive hourly wet period. Results from this manuscript provide insight into extreme hourly
precipitation characteristics and show that hourly extreme accumulations are not changing as
broadly or significantly as daily and multi-day extremes found by other researchers. Nonetheless,
this manuscript, in conjunction with the preceding manuscripts, demonstrates how hourly
precipitation has changed, possibly related to changes in the climate.

6

1.3. References
Belville, J.D. and Stewart, N.O., 1983. Extreme rainfall events in Louisiana: The New Orleans
type. In Preprint, Conference on Hydrometeorology (pp. 284–90). Boston: American
Meteorological Society.
Bradley, R.S., Diaz, H.F., Eischeid, J.K., Jones, P.D., Kelly, P.M. and Goodess, C.M., 1987.
Precipitation fluctuations over Northern Hemisphere land areas since the mid-19th century.
Science, 237(4811), pp.171–175.
Burauskaite-Harju, A., Grimvall, A., Achberger, C., Walther, A. and Chen, D., 2012.
Characterising and visualizing spatio-temporal patterns in hourly precipitation
records. Theoretical and Applied Climatology, 109(3-4), pp.333–343.
Chen, H., Zhou, T., Yu, R. and Li, J., 2009. Summer rain fall duration and its diurnal cycle over
the US Great Plains. International Journal of Climatology, 29(10), pp.1515–1519.
Dai, A., Fung, I.Y. and D. Genio, A.D., 1997. Surface observed global land precipitation
variations during 1900–88. Journal of Climate, 10(11), pp.2943–2962.
Dai, A. and Wigley, T., 2000. Global patterns of ENSO-induced precipitation. Geophysical
Research Letters, 27(9), pp.1283–1286.
Douglas, A.V. and Englehart, P.J., 1981. On a statistical relationship between autumn rainfall in
the central equatorial Pacific and subsequent winter precipitation in Florida. Monthly Weather
Review, 109(11), pp.2377–2382.
Fu, S., Li, D., Sun, J., Si, D., Ling, J. and Tian, F., 2016. A 31-year trend of the hourly
precipitation over South China and the underlying mechanisms. Atmospheric Science
Letters, 17(3), pp.216–222.
Groisman, P.Y., Karl, T.R., Easterling, D.R., Knight, R.W., Jamason, P.F., Hennessy, K.J.,
Suppiah, R., Page, C.M., Wibig, J., Fortuniak, K. and Razuvaev, V.N., 1999. Changes in the
probability of heavy precipitation: important indicators of climatic change. Weather and Climate
Extremes (pp. 243–283). Springer, Dordrecht.
Groisman, P.Y, and Knight, T.R. 2008. "Prolonged dry episodes over the conterminous United
States: new tendencies emerging during the last 40 years." Journal of Climate 21, no. 9: 1850–
1862.
Hudlow, M.D., 1979. Mean rainfall patterns for the three phases of GATE. Journal of Applied
Meteorology, 18(12), pp.1656–1669.
Intergovernmental Panel on Climate Change. 2014. Fifth Assessment
Report. Cambridge: Cambridge University Press.
7

Karl, T.R. and Knight, R.W., 1998. Secular trends of precipitation amount, frequency, and
intensity in the United States. Bulletin of the American Meteorological Society, 79(2), pp.231–
241.
Karl, T.R. and Trenberth, K.E., 2003. Modern global climate change. Science, 302(5651),
pp.1719–1723.
Katz, R. W. 1999. Extreme value theory for precipitation: sensitivity analysis for climate
change. Advances in Water Resources 23, no. 2: 133–139.
Keim, B.D. and Muller, R.A., 1992. Temporal fluctuations of heavy rainfall magnitudes in New
Orleans, Louisiana: 1871–1991. Journal of the American Water Resources Association, 28(4),
pp.721–730.
Keim, B.D. and Muller, R.A., 1993. Frequency of heavy rainfall events in New Orleans,
Louisiana, 1900 to 1991. Southeastern Geographer, 33(2), pp.159–171.
Keim, B.D., 1999. Precipitation annual maxima as a measure of change in extreme rainfall
magnitudes in the southeastern United States over the past century. Southeastern
Geographer, 39(2), pp.235–245.
Keim, B., 2019. Louisiana–the Wettest State in the Contiguous United States!. Community
Collaborative Rain, Hail and Snow Network, accessed January, 22.
Kunkel, K. E. 2003. "North American trends in extreme precipitation." Natural Hazards 29, no.
2: 291–305.
Li, L., Li, W. and Deng, Y., 2013. Summer rainfall variability over the Southeastern United
States and its intensification in the 21st century as assessed by CMIP5 models. Journal of
Geophysical Research: Atmospheres, 118(2), pp.340–354.
NCADAC. 2013. Third National Climate Assessment Report. U.S. Global Change Research
Program, Washington DC.
Powell, E.J. and Keim, B.D., 2015. Trends in daily temperature and precipitation extremes for
the southeastern United States: 1948–2012. Journal of Climate, 28(4), pp.1592–1612.
Prein, A.F., Rasmussen, R.M., Ikeda, K., Liu, C., Clark, M.P. and Holland, G.J., 2017. The
future intensification of hourly precipitation extremes. Nature Climate Change, 7(1), p.48.
Ropelewski, C.F. and Halpert, M.S., 1986. North American precipitation and temperature
patterns associated with the El Niño/Southern Oscillation (ENSO). Monthly Weather
Review, 114(12), pp.2352–2362.

8

Trenberth, K.E., Dai.A., Rasmussen., R.M., Parsons. D.B., 2003. The changing character of
precipitation. Bulletin of the American Meteorological Society 84, no. 9: 1205–1217.
Trenberth, K.E., 2011. Changes in precipitation with climate change. Climate Research, 47(1/2),
pp.123–138.
Trenberth, K.E. and Zhang, Y., 2018. How often does it really rain?. Bulletin of the American
Meteorological Society, 99(2), pp.289–298.
Trenberth, K.E., Zhang, Y. and Gehne, M., 2017. Intermittency in Precipitation: Duration,
Frequency, Intensity, and Amounts Using Hourly Data. Journal of Hydrometeorology, 18(5),
pp.1393–1412.
USGCRP, 2017: Climate Science Special Report: Fourth National Climate Assessment, Volume
I [Wuebbles, D.J., D.W. Fahey, K.A. Hibbard, D.J. Dokken, B.C. Stewart, and T.K. Maycock
(eds.)]. U.S. Global Change Research Program, Washington, DC, USA, 470 pp, doi:
10.7930/J0J964J6.
van der Wiel, K., Kapnick, S. B., van Oldenborgh, G. J., Whan, K., Philip, S., Vecchi, G. A., ...
& Cullen, H. 2017. Rapid attribution of the August 2016 flood-inducing extreme precipitation in
south Louisiana to climate change. Hydrology and Earth System Sciences, 21(2), 897.
Wang, H., Fu, R., Kumar, A. and Li, W., 2010. Intensification of summer rainfall variability in
the southeastern United States during recent decades. Journal of Hydrometeorology, 11(4),
pp.1007–1018.
Yu, R. and Li, J., 2012. Hourly rainfall changes in response to surface air temperature over
eastern contiguous China. Journal of Climate, 25(19), pp.6851–6861.
Zolina, O., Simmer.C, Gulev., S. and Kollet. S., 2010. Changing structure of European
precipitation: longer wet periods leading to more abundant rainfalls. Geophysical Research
Letters 37, no. 6.
Zolina, O., Simmer, C., Belyaev, K., Gulev, S., and Koltermann, P., 2013. Changes in the
duration of European wet and dry spells during the last 60 years. Journal of Climate 26, no. 6:
2022–2047.

9

Chapter 2. Hourly Rainfall Climatology of Louisiana
2.1. Introduction
Climatologists have long paid attention to spatiotemporal characteristics of precipitation
and have used trends in rainfall to discern patterns in floods and droughts. Understanding
precipitation trends and determining the dynamics of the physical processes responsible for
variation in rainfall patterns is an important area of climate research (Karl and Knight 1998;
Chen et al. 2009; Yu and Li 2012; Burauskaite-Harju et al. 2012).
Research exists on precipitation trends at differing temporal (daily, weekly, monthly, and
annual) and spatial (local, regional, national, and hemispheric) scales. A majority of
observational precipitation research focuses on the daily scale, often averaging or summing daily
or two-day precipitation into one data point, primarily because most in situ data are recorded
daily (Trenberth et al. 2017). Daily data are critical to our understanding of precipitation, but the
intermittent nature of precipitation highlights the need to quantify other characteristics such as
frequency, intensity, and duration, at sub daily scales (Trenberth and Zhang 2018). Most rainfall,
especially heavy and extreme events, are concentrated in periods of only a few hours (Belville
and Stewart 1983; Keim and Muller 1992; Keim and Muller 1993). In fact, this research revealed
that across Louisiana, in some years, roughly 50% of the total precipitation is concentrated in
approximately 0.005% of annual hours.
Analysis of hourly precipitation data provides researchers the ability to determine not
only the timing of precipitation but also sub-daily trends that are masked at coarser temporal
scales. Use of hourly precipitation data also allows for a better local perspective of rainfall
This chapter [Hourly Rainfall Climatology of Louisiana] previously appeared as Brown, V.M., Black, A.W. and
Keim, B.D., 2018. Hourly rainfall climatology of Louisiana. Theoretical and Applied Climatology, pp.1-17. It is
reprinted by permission of Springer Nature.
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variations. The timing, amount, duration, and intensity of rainfall can vary dramatically across a
small region (Burauskaite-Harju et al. 2012). Further, it infrequently rains for an entire day and
even when it does, rainfall rates can dramatically vary (Trenberth and Zhang 2018). For
example, summertime convective rainfall, especially in Louisiana, occurs on a small
spatiotemporal scale (Hudlow 1979) and to capture those dynamics, a finer resolution of data is
needed.
This analysis expands upon previous research on trends in precipitation (e.g. BurauskaiteHarju 2012; Powell and Keim 2015; Fu et al. 2016) by examining hourly precipitation data at
four stations across Louisiana. The objectives of this research are to 1) introduce a climatology
of hourly precipitation for Louisiana, 2) investigate changes in the characteristics of hourly
rainfall, and 3) explore connections between precipitation across Louisiana to Gulf of Mexico
(GOM) sea surface temperatures (SST).
2.2. Data and Methods
Data for this study come from four first-order weather stations in Louisiana, Shreveport
Regional Airport (SHV), Lake Charles Regional Airport (LCH), Baton Rouge Ryan Airport
(BTR), and New Orleans International Airport (MSY) (Figure 2.1). First-order weather stations,
located primarily at airports that do not frequently relocate, provide the highest quality and most
internally consistent source for hourly precipitation in the United States. The data is reliable,
quality controlled, and have relatively long periods of record. The main data source used was the
NCEI Hourly Precipitation Database (HPD) (NOAA 2017). The HPD is available on a stationby-station basis and returns all hours with recorded rainfall including traces (which were
removed in this study) in local standard time. Two additional sources of hourly data were used to
supplement the HPD as needed. The first supplementary data source was the Midwestern
11

Regional Climate Center (MRCC) hourly precipitation database. Similar to the HPD data, the
MRCC database reports hourly precipitation in local standard time, is derived from the HPD, and
undergoes additional quality control. Given the similarity of these datasets, when data were
missing in the HPD it was frequently missing in the MRCC data. When this occurred, raw
METAR data from the Iowa Environmental Mesonet (IEM) (Iowa State University 2017) was
used to supplement. The IEM dataset has flaws as it reports hourly precipitation totals at varying
times, often at the 53-minute mark on the hour. This slight offset in reporting time can lead to
differing hourly totals when compared to the HPD and MRCC data. Since the IEM data represent
the raw hourly output from the ASOS station, the accumulation reported in the IEM data often
differed from both MRCC and HPD data by multiple millimeters especially during heavy rainfall
due to under-catch by the automated station.

Figure 2.1. Location(s) of the four first-order stations across Louisiana.
Creation of precipitation time series for each station was a multi-step process. To ensure
the data were reliable, the annual sum of hourly observations for each station and year from the
HPD was compared to the annual total from daily observations contained in the NCEI Local
Climatological Data (LCD) publication. In nearly all cases, precipitation totals from hourly and
daily data agree. Difference in annual totals between the LCD publication and summed hourly
12

data was usually attributed to a few individual months, or quite often, just a few days within a
given year where there was severe weather that led to missing data or extreme rainfall rates that
resulted in large under-catch by the hourly gages. When there was a difference between the totals
from HPD and LCD, the two supplemental sources of hourly data were used to build as complete
of a time series of hourly precipitation as possible for each station. Supplemental hourly data
sources were only used if annual totals from the HPD data were less than 95% of the annual total
reported by the LCD publication. If the annual total from the hourly HPD data fell below 95% of
the annual total from the daily LCD data, each individual month of HPD was then checked
against the LCD data to identify the month(s) where the totals differed. MRCC data were then
used to replace the hourly data from the HPD for that entire month. If this replacement resulted
in an annual hourly total that was 90% or more of the annual daily total, no additional
substitutions were made. For the majority of years, this replacement resulted in the annual total
from the combined (HPC-MRCC) hourly dataset meeting or exceeding the 95% of the daily
annual precipitation total.
If supplementing the HPD data with the MRCC data did not result in an annual
accumulation that was greater than 90% of the daily annual precipitation total, the hourly data
were supplemented with the raw METAR data from IEM. This 90% requirement was selected
for data quality to follow methods in Zhai et al. (2005), which allowed for no more than 10% of
missing rain days. Monthly and daily reported totals from the LCD were compared to the
summed hourly totals from the combined HPD-MRCC hourly data and any missing days were
replaced by hourly precipitation values from the METAR data. The METAR data were only used
for years in which the annual precipitation totals from the other two hourly sources were below
90% of the annual totals based on daily data. Within each of these years, the METAR data were
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only used to replace the specific months or days within those months where precipitation totals
from the hourly data were below 90% of the totals from daily data. Use of the METAR data
introduced slight biases but enabled the construction of a continuous hourly precipitation time
series where all years captured at least 90% of the annual LCD report values. With the exception
of Shreveport (1960–2016), all stations were continuous from 1950–2016 and contained all
hours with reported measurable rainfall. It is important to note that most years at each station
using the HPD alone contained at least 95% of the annual precipitation total. BTR had only three
years below 95%, while MSY had six years below, and LCH had five years below the 95%
threshold. SHV had missing data from 1952–1959, and therefore data were only collected from
1960–2016, and only two years between those 57 were below the 95% threshold.
2.2.1. Limitations of Data
Point source precipitation data, as with most precipitation data, are not equivalent to true
precipitation and may have biases that limit the ability to detect changes to the hydrologic cycle
or climate change (Groisman and Legates 1994). The probability of one particular gauge
capturing the maximum amount of rainfall produced by an event is extraordinarily low. In fact,
gauge measurements tend to underestimate true precipitation, mainly because of wind turbulence
at the gauge orifice and wetting loss on the inside walls of the gauge (Groisman and Legates
1994). As wind speed increases, the catch of gauges tends to decrease, and errors are larger with
snow as compared to rain (Legates and Deliberty 1993). Legates and Deliberty (1993) estimated
the average bias in gauge measurements across the United States is roughly 9%, with higher
biases found in locations that receive frequent snow and reside in high elevations due to less
friction. They also found stations in the Southeast had the lowest bias compared to other regions,
with average biases being less than 8%.
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Another limitation of in situ precipitation data relates to station relocation and gauge type
used at each station. Groisman et al. (1991) discussed how periodic relocation of gauges can
induce discontinuities in the precipitation time series. Keim et al. (2003) explored this bias and
its impact on temperature measurements and concluded that it is likely these biases also exist in
precipitation time series. For example, when a gauge is moved, it is likely the nearby vegetation,
proximity to buildings, or elevation will change. This changes the wind flow characteristics near
the gauge that can affect rainfall catch (Eischeid et al. 1991). It is also important to understand
that the gauges themselves periodically get replaced or upgraded. For example, the type of
hourly gauge at MSY has changed four times since 1950 due to construction and expansion of
the airport. The station originally had a Universal Rain Gauge, then a Tipping Bucket, then an
Automated Heating Tipping Bucket, and finally, an All-Weather Precipitation Accumulation
gauge.
At first, this may seem alarming, but all records of equipment type and relocation are
well documented. It is also important to keep in mind the strict quality control standards the
National Weather Service (NWS) maintains. The NWS requires that stations not be moved more
than a few miles, must remain at a similar elevation, and must have similar proximity to
obstacles (i.e., trees, buildings, fence, etc.), as compared to the original station location. This
ensures that precipitation measurements are as reliable and consistent as possible. Concerns
about the accuracy of gauge measurements is a problem in any analysis and although no dataset
is perfect, the HPD is one of the more reliable sources of hourly precipitation (Brooks and
Stensrud 2000) despite these known limitations.
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2.2.2. Threshold Methods
Three percentile-defined (90th, 95th, 99th) and three fixed thresholds at 0.254 mm (0.01
in.), 1.27 mm (0.05 in.), 2.54 mm (0.10 in.) were used to determine if the distribution of hourly
precipitation amounts were changing through time. Each percentile-defined threshold used for
the extreme hourly events (Table 2.1) was individually calculated for each station based on the
time series of hourly precipitation amounts. One disadvantage of the percentile-defined approach
is that it has a somewhat low accuracy considering individual threshold estimates at the tail end
of the empirical distribution. For example, when the time series is ranked, a large range of values
exist at the far right of the distribution that can differ from each other by tens of millimeters
(Groisman et al. 2012); however, the focus of this study is the frequency of events surpassing
station based thresholds not exact hourly amounts of precipitation.
Fixed thresholds were used to investigate trends in the frequency of hourly events with
rainfall accumulation of 0.254 mm, 1.27 mm or less, and 2.54 mm or less on an annual basis.
The annual frequency distribution of hourly rainfall amounts resembles a Poisson distribution,
with the highest frequency occurring at roughly 0.254 mm and decreasing in frequency as
magnitude increases. These fixed thresholds make up a large portion of the annual rainfall
distribution at each station. For example, hourly 0.254 mm events comprise roughly 20%, 1.27
mm or below comprise 50%, and 2.54 mm or below contain approximately 70% of the total
hourly frequency distribution at these stations and are worth investigating to determine if a shift
in the distribution of hourly rainfall is occurring. Each time series was truncated into two
different periods to determine if the first half (1950–1983) differed from the most recent period
(1984–2016). Change point analysis (not shown) in R (version 3.5; R Core Team 2018) revealed
changes in the time series (of precipitation hours) at roughly the midpoint in each stations time
series, justifying a truncation.
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Time series of the annual frequencies of percentile defined and fixed threshold residuals
were tested for normality for use in regression using the Shapiro-Wilk test (Shapiro and Wilk
1965). Some residuals for the percentile defined and fixed thresholds were not normally
distributed annually, as they exhibited p-values < 0.05; however, small deviations from
normality do not affect the regression model, as it is robust when errors in normality are present
(Montgomery and Peck 1982). Nonetheless, when normality was rejected the log of the
dependent variable was taken, creating an exponential model (curvilinear regression), which aids
in removing non-homogeneity and helps satisfy normality (Freund et al. 2010). Further
evaluation using Normal Q-Q, Residual vs. Fitted, and Scale-Location plots revealed
approximate normality and added confidence to the regression tests performed on the time series
with time (year) as the independent variable and count of each threshold as the dependent
variable.
Finally, average annual hourly intensity was calculated for each station by adapting the
simple daily intensity index for hourly data (Powell and Keim 2015). The simple daily intensity
index is calculated by dividing the annual or seasonal amount of precipitation by the number of
days with precipitation as a measure of intensity. Similarly, annual hourly intensity was
calculated by dividing the annual precipitation amount (mm) by the number of hours with
precipitation. Average hourly intensities were calculated for each station to determine if
precipitation hours are producing more or less accumulation on average over time. These time
series were also tested for normality for use in regression and in each case we failed to reject the
null hypothesis, asserting normality was satisfied.
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2.3. Results
2.3.1. Climatology
The four stations across Louisiana average between 431–457 hours of precipitation per
year, equivalent to roughly 5% of the total annual hours (Table 2.2). During abnormally rainy
years across the state, the stations can experience upwards of 675 hours (7.7% of annual hours)
which was observed at MSY in 1991, while abnormally dry years can result in as little as 241
(2.75% of annual hours) hours, as was observed at LCH in 1954. LCH averages the least number
of hours with precipitation annually (431) while MSY and SHV average the highest (457);
however, SHV exhibits slightly larger variability in its annual hours. SHV also averages 1219
mm (48 in.) of rainfall annually whereas the other stations average 1493–1533 mm (58–60 in.),
demonstrating that rainfall at SHV tends to be less intense compared to the other three stations.
Table 2.1. Extreme station specific thresholds in millimeters and average annual frequency of
each fixed threshold (hours).
Threshold
90th
95th
99th
0.254 (0.01in)
1.27 (0.05 in)
2.54 (0.10 in)

Baton Rouge

New Orleans

Lake Charles

Shreveport

8.38 (0.33 in.)
13.72 (0.54 in.)
28.45 (1.12 in.)
98

8.64 (0.34 in.)
14.22 (0.56 in.)
29.46 (1.16 in.)
102

8.38 (0.33 in.)
13.72 (0.54 in.)
30.23 (1.19 in.)
100

6.6 (0.26 in.)
10. 67(0.42 in.)
23.11(0.91 in.)
113

245
313

247
315

238
301

265
336

Similar to the variability in hours, the year-to-year variability in annual accumulation for
each station can be quite large (Figure 2.2). The minimum and maximum annual accumulation
for LCH, 764 mm (30.08 in.) and 2061 mm (81.15 in.), and SHV, 762 mm (30.03 in.) and 2082
mm (81.99 in.), are almost identical, while BTR, 968 mm (38.1 in.) and 2300 mm (90.54 in.),
and MSY, 988 mm (38.88 in.) and 2600 mm (102.37 in.), are higher in both minimum and
maximum. Also of importance is an understanding of the persistence of drought and extended
rainfall durations and determining the ranges of each. At three stations LCH (1097 hours), MSY
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(1090 hours), and SHV (1077 hours) the longest duration without measurable hourly rainfall
persisted for roughly 45 straight days, consistent with results found in Trepanier et al. (2015).
Trepanier et al. (2015) study period was 1908–2013 and their results found the record long dry
spell for SHV to be 40 days; however, in 2015 this record was broken by just over four and a
half days.
Table 2.2. Distribution characteristics of annual hours with precipitation. Maximum and

minimum rows also have the year in which it occurred. Rainfall accumulations in mm (inches).
Metric
x̅
σ
σ²
Max
Min
Range
Count
x̅ (accumulation)

Baton Rouge

New Orleans

Lake Charles

Shreveport

453
68
4727
586 (1961)
317 (1962)
269
67
1493 (58.79 in.)

457
76
5795
675 (1991)
325 (2006)
350
67
1533 (60.35 in.)

431
77
5997
650 (2005)
241 (1954)
409
67
1456 (57.32 in.)

457
83
6910
631 (1979)
296 (2005)
335
57
1210 (47.65 in.)

Max (accumulation)

90.54 (2016)

102.37 (1991)

85.15 (2002)

81.99 (1991)

Min (accumulation)

38.1(2000)

38.88 (2000)

34.8 (1965)

30.03 (1963)

BTR’s longest consecutive hourly period without rainfall was 933 hours, approximately
6–7 days less than the other stations. The longest consecutive hourly period with measurable
rainfall for each station persisted for 43 (SHV), 44 (LCH), 46 (MSY), and 52 (BTR) hours. At
two of the stations (BTR and SHV), the longest hourly dry period ended just months before the
longest recorded wet period, suggesting these events may not be mere coincidences and may be
related to large-scale patterns.
Seasonally, each station experiences the greatest number of hours with precipitation in
winter (DJF), while fall (SON), spring (MAM), and summer (JJA) exhibit relatively similar
averages with the exception of SHV during summer (Table 2.3). Winter may produce the most
hours with precipitation, but at the coastal stations of BTR, MSY, and LCH, the highest
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accumulated rainfall occurs in summer. SHV is interesting because it accumulates more rainfall
and rain hours during spring and winter compared to summer and experiences its peak in average
duration between rainfall events during summer (Figure 2.3). At the coastal stations, the average
duration between hourly events is bimodal and peaks during the transition seasons,
demonstrating that transition season synoptic weather events do not often extend far enough
south to influence these stations as compared to SHV (the northern most station).

Figure 2.2. Annual accumulation for each station in millimeters (bar; left axis) and number
hours of precipitation (line; right axis).

Figure 2.3. Average duration between hourly precipitation events (in hours) per month. An event
is defined as any hour with measurable precipitation; duration between events is defined as the
count of hours between precipitation hours.
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During summer, BTR, MSY, and SHV experience relatively low variance in the number
of hours with precipitation, signifying the consistent nature of summer time convection across
Louisiana. In fact, during the summer when it rains, the rainfall tends to be condensed into a few
more consistent hours rather than spread across many hours during a rain day. An example can
be seen at BTR (Figure 2.4) where the average duration of daily events per month (average
number of hours with rain during a rain day; red line) and the average duration of consecutive
hourly events per month (two or more consecutive hours of rainfall; black line) are at a minimum
in summer. The average duration of consecutive hourly events is much higher than the average
duration of daily events, demonstrating that when it rains in summer, it tends to be brief and
more intense compared to other times of the year (note that summer is when a large amount of
accumulation occurs; dotted line). This pattern is also seen at MSY and LCH but not as much at
SHV, although, SHV also experiences its most intense rainfall during summer.

Figure 2.4. BTR. Monthly averaged daily precipitation duration (red line; left axis) on rain days
versus monthly averaged duration of consecutive hours with precipitation on rain days (black
line; left axis) and average monthly accumulation (dotted line; right axis). Consecutive hours do
not include single hour events.
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Table 2.3. Seasonal distribution characteristics of hourly rainfall at each station across LA.
Station
Baton Rouge
x̅
σ
σ²
Min
Max
Range
New Orleans
x̅
σ
σ²
Min
Max
Range
Lake Charles
x̅
σ
σ²
Min
Max
Range
Shreveport
x̅
σ
σ²
Min
Max
Range

Fall

Spring

Summer

Winter

93.68
31.63
1000.58
40
201
161

102.76
32.38
1048.64
26
193
167

101.91
25.66
658.66
62
178
116

154.64
40.52
1642.58
65
290
225

98.82
33.84
1144.90
45
183
138

100.95
36.69
1338.71
28
244
216

114.49
32.08
1029.53
52
201
149

143.18
43.30
1875.21
53
326
273

96.16
37.49
1405.05
39
231
192

91.75
33.60
1128.77
16
179
163

103.05
40.16
1613.07
51
318
267

140.15
34.72
1205.77
53
228
175

110.05
40.14
1611.62
42
218
176

113.74
39.50
1560.48
47
235
188

70.05
26.68
712.05
26
157
131

163.19
44
1936.37
69
253
184

During the study period, it rained on 7436 (BTR), 7598 (MSY), 7029 (LCH) and 5651
(SHV) days, equivalent to approximately 30.3%, 31%, 28.7%, and 27.1% of the overall days,
respectively (24,472 possible days BTR, MSY, LCH and 20,820 for SHV). On average, when it
rained it persisted for roughly four hours for all stations, but seasonal differences are evident
(Table 2.4). Winter rain events persisted for approximately 5–5.8 hours on average for each
station; however, winter was not the season with the most rain days. In fact, at each station, only
25–28% of the rain days occurred during winter (Table 2.4). The season with the most rain days,
excluding SHV, was summer, producing 30–33% of the rain days for the three stations. Summer
rain events persisted for an average of 2.9–3.2 hours, often with one hour having the majority of
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the accumulation, demonstrating the flashy convective nature of summer rainfall across
Louisiana. During the transition seasons at all stations, when it rained, it persisted for roughly 4.2
hours (higher at SHV in fall) and each transition season contributes between 20–22% of the rain
days to the annual total (excluding spring at SHV, which contributes 26.8% to annual rain days).
Table 2.4. Seasonal and annual averaged daily rainfall duration characteristics (only rain days).
Station
Fall
Spring
Summer
Winter
Annual
Baton Rouge
x̅
4.15
4.21
2.87
5.42
4.08
σ
3.77
3.44
2.38
4.35
3.62
σ²
14.23
11.87
5.68
18.96
13.12
Min
1
1
1
1
1
Max
24
22
23
24
24
Count of Days
1514
1637
2374
1911
7436
% of Rain Day
20.4%
22%
31.9%
25.7%
New Orleans
x̅
4.24
4.29
2.98
5.07
4.03
σ
3.81
3.53
2.44
4.12
3.53
σ²
14.52
12.44
5.94
16.99
12.46
Min
1
1
1
1
1
Max
24
21
24
24
24
Count of Days
1561
1577
2569
1891
7598
% of Rain Day
20.5%
20.8%
33.8%
24.9%
Lake Charles
x̅
4.16
3.99
3.29
5.12
4.11
σ
3.73
3.16
2.94
4.26
3.61
σ²
13.88
9.99
8.66
18.11
13.04
Min
1
1
1
1
1
Max
24
21
23
23
24
Count of Days
1547
1541
2106
1835
7029
% of Rain Day
22%
20.8%
30%
26.1%
Shreveport
x̅
4.99
4.28
3.11
5.84
4.61
σ
4.42
3.47
2.74
4.82
4.10
σ²
19.58
12.04
7.50
23.17
16.82
Min
1
1
1
1
1
Max
24
23
22
24
24
Count of Days
1258
1516
1285
1592
5651
% of Rain Day
22.2%
26.8%
22.7%
28.2%
-
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The diurnal cycle of rainfall also differs seasonally, but not as much as expected. The
frequencies of rainfall events per hour per season were standardized to reveal the diurnal
distribution of precipitation in each season for each station (Figure 2.5). During spring, summer,
and fall, all stations tend to experience peak rainfall activity during the mid to late afternoon;
however, during winter, only BTR and MSY maintain a mid to late afternoon peak. LCH tends
to show a broad drawn out daytime structure without a well-defined peak, different from the
other two coastal stations, and SHV shows no coherent pattern. It is also important to note that
annually 42% (BTR), 39% (MSY), 32% (LCH), and 29% (SHV) of 90th percentile events occur
between 1800–2300 UTC, further highlighting the strength of late afternoon convection across
Louisiana.

Figure 2.5. Standardized seasonal timing of diurnal rainfall events for each station. The
horizontal line across each panel (located at zero) represents the average frequency of hourly
diurnal rainfall events as well as the time in 6-hour intervals. Colored line(s) below the
horizontal line in each panel, indicate hours or times (CST) in a day with below average
occurrence of rainfall. Times in which the colored line(s) are above zero indicate above average
occurrence during those times or hours. For example, afternoon rainfall during summer has a
well above average occurrence compared to the rest of the hours during the day.
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2.3.2. Trends in Thresholds
Trends and changes in precipitation are frequently quantified in terms of fluctuations in
total precipitation over time periods (Karl and Knight 1998), such as seasons, years and decades.
For example, Groisman and Easterling (1994) used spatial statistical characteristics of monthly
and annual precipitation to discern patterns of change in North America and Canada. Although
the spatial resolution of their data was slightly limited, the study revealed that annual
precipitation over the contiguous United States (100-year study period) had increased by roughly
4%. Another study using monthly and annual precipitation data by Karl et al. (1993) found a
roughly 2–3% increase in decadal precipitation over the contiguous United States. More recent
research by Karl et al. (2009) further confirmed changes in monthly and yearly precipitation
across the contiguous United States, finding an approximate 6% increase in precipitation during
the twentieth century.
Results from the Shapiro-Wilk test showed fifteen of the twenty residuals for the annual
and seasonal time series of the frequency of hourly events for each station were normally
distributed (Table 2.5). When normality was rejected in any Shapiro-Wilk test the log of the
dependent variable was taken creating an exponential or curvilinear regression, which helps with
non-homogeneity and normality (Freund et al. 2010). Using regression, it was determined that
there were no statistically significant trends in the number of hours with precipitation for any
station (1950–2016 for BTR, MSY, LCH and 1960–2016 for SHV) (Figure 2.6). Each time
series was also truncated into two separate intervals (1950–1983 and 1984–2016) and periods
with slight increasing and decreasing trends were noted, but no trend was statistically significant
at the 0.05 level for season or annual.
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Figure 2.6. Trends in the number of hours with precipitation at each station (BTR top-left, MSY
top-right, SHV bottom-left, LCH bottom-right).
Table 2.5 Results of Shapiro-Wilk test on annual and season time series. Asterisks represent
when an exponential model was implemented over simple linear regression.
Station
Fall
Spring
Summer
Winter
Annual
Baton Rouge
0.977
0.977
0.953
0.973
0.979
Shapiro-Wilk
0.31
0.01*
0.16
0.33
0.25
p-value
New Orleans
0.967
0.97
0.978
Shapiro-Wilk
0.946
0.967
0.07
0.14
0.29
0.01*
0.07
p-value
Lake Charles
0.95
0.984
0.841
0.985
0.992
Shapiro-Wilk
0.55
<0.01*
0.61
0.96
p-value
0.01*
Shreveport
0.973
0.969
0.933
0.971
0.967
Shapiro-Wilk
0.25
0.15
<0.01*
0.20
0.12
p-value
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Trends in seasonal hours with precipitation were also investigated. Significant increasing
trends were found in fall at BTR (r = 0.25, p-value = 0.037) and LCH (r = 0.26, p-value = 0.028),
and also during summer at LCH (r = 0.26, p-value = 0.029), indicating the number of hours with
precipitation had increased during those seasons through time. These seasonal increases
(BTR:Fall and LCH:Fall, Summer) were not influential enough to cause an increase in annual
precipitation at either station. Of the four stations, only BTR exhibited a statistically significant
increase (r = 0.33, p-value = 0.01) in the annual amount of precipitation; however, the other three
stations showed increases but exhibited p-values > 0.05.
2.3.3. Fixed and Percentile Defined Thresholds
2.3.3.1. Baton Rouge
Results indicate the frequency of hourly 0.254 mm events at BTR increased significantly
(r = 0.36, p-value = 0.002) from 1950–2016; however, when the time series is split into two
separate 33-year series, a significant decrease in 0.254 mm events is observed (r = -0.49, p-value
=0.004) from 1984–2016 (Figure 2.7). There was no observed overall trend (1950–2016) in 1.27
mm events, but a significant decrease (r = –0.44, p-value= 0.011) is observed in the most recent
33-years. The same is detected in the frequency of 2.54 mm events, with no overall trend, but a
significant decrease (r = –0.43, p-value = 0.012) in the most recent 33-years. The decrease in the
frequency of 0.254, 1.27, and 2.54 mm events in the most recent portion of the record could be
related to the natural sinusoidal variability in the climate system, an artifact of where the time
series was split, or a shift in the precipitation distribution (possibly related to climate change)
where there are more frequent heavy events at the expense of light to moderate events (Trenberth
et al. 2003).
The frequency of 90th percentile events, defined as any hourly event above 8.38 mm at
BTR, increased (r = 0.39, p-value = 0.001) significantly through the entire study period (Figure
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2.8). Seasonally, the frequency of 90th percentile hourly events increased during fall (r = 0.42, pvalue = 0.001) and winter (r = 0.3, p-value =0.014). Spring and summer had increasing trends in
90th percentile events but were not statistically significant at the 0.05 level. The frequency of 95th
percentile hourly events, defined as any hour with an accumulation above 13.72 mm, and 99th
percentile hourly events, defined as any hourly event above 28.45 mm, also increased
significantly (r = 0.31, p-value = 0.010 and r = 0.28 p-value = 0.024) during the study period.
The seasonal frequencies of 95th and 99th percentile events were not tested because of the high
variability observed and low sample size due to the rare nature of those events.

Figure 2.7. Trends in fixed thresholds (from left to right, 0.254, 1.27, 2.54 mm) for BTR 1950–
2016 (top) and 1983–2016 (bottom) with 95% confidence interval.

28

Figure 2.8. Trends in percentile defined thresholds (from left to right, 90th, 95th, 99th) for BTR
1950–2016 with 95% confidence interval.
2.3.3.2. New Orleans
The frequency of fixed thresholds for MSY show an interesting pattern. None of the
thresholds show any significant trend from 1950–2016; however, each time series, when split
into two separate 33-year time series, showed significant decreases for each threshold (0.254
mm, 1.27 mm, and 2.54 mm) during the most recent time period (1984–2016), similar to BTR.
The extreme station specific thresholds also reveal a unique pattern. The annual frequency of 90th
percentile events (8.64 mm or above) significantly increased (r = 0.24, p-value 0.046) during the
study period; however, no specific season exhibited a statistically significant increase. Slight
increases, mostly during summer and fall, are likely the cause for the annual increase through
time. Frequencies of 95th (14.22 mm) and 99th (29.46 mm) percentile events showed slight
increases during the study period, but neither was statistically significant at the 0.05 level.
2.3.3.3. Lake Charles
Of the three stations close to the coast (BTR, MSY, LCH) LCH showed slightly different
patterns compared to MSY and BTR. LCH exhibited statistically significant increases in the
frequency of 0.254 mm events (r = 0.37, p-value = 0.002) and 1.27 mm events (r = 0.24, p29

value= 0.047) during the entire time period and a significant increase in 1.27 mm events (r =
0.35, p-value 0.049) from 1950–1983. While the 1984–2016 times series for each fixed threshold
had decreasing trends, none were statistically significant, a pattern different from BTR and MSY.
Lake Charles also exhibited no significant trend in 90th (8.38 mm), 95th (13.72 mm), or 99th
(30.23 mm) percentile events; however, all were positive and close to significance (p-values for
each were between 0.07–0.17).
2.3.3.4. Shreveport
SHV, the northern and inland-most station, showed no trends in the frequency of the
fixed thresholds during the entire times series. While decreasing trends were noted in each fixed
threshold truncated time series, none were significant at the 0.05 level. The frequency of 90th
percentile events (6.6 mm) significantly increased (r = 0.31, p-value = 0.018) during the study
period, attributed to significant increases during winter season (r = 0.39, p-value = 0.003), as no
other season showed significant trends. Finally, the frequency of 95th (10.67 mm) and 99th (23.11
mm) events increased slightly during the study period, but increases were not statistically
significant.
2.3.4. Changes in Intensity
Hourly intensity significantly increased for BTR (r = 0.41, p-value = 0.0005), MSY (r =
0.27, p-value = 0.028), and SHV (r = 0.34, p-value = 0.005). LCH was the only station that did
not have any significant change in annual hourly intensity. These results are in agreement with
Powell and Keim (2015) that found a broad increase in simple daily intensity across the
southeast region. Considering no station exhibited significant trends in the annual number of
hours with precipitation and only one station (BTR) exhibited a significant trend in precipitation
amount annually suggests that hours with precipitation are producing more accumulation now
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than in the past. Further, three of the stations showed increasing trends in the annual amount of
precipitation contributed by 90th percentile events but only BTR (r = 0.37, p-value 0.002) showed
a significant trend, revealing that recent decreases seen in the fixed thresholds could be related to
a change in overall precipitation intensity across parts of Louisiana.
It was also found that on average, each station records between 44 and 47 90th percentile
events (hours) annually that contribute to roughly 50% of the total annual accumulation. This
demonstrates that roughly 10% of the rainy hours across Louisiana can produce 50% of the total
annual accumulation and that in a given year and only roughly 0.005% of the total annual hours
are responsible for half of the total year’s precipitation. In fact, if the year was condensed down
into 60 seconds or 1 minute, roughly half of the annual precipitation falls in roughly one-third of
a second. 95th percentile events, which occur between 20–24 times per year for all stations,
contribute roughly 35% to the annual rainfall total at each station. Finally, 99th percentile events,
which only occur between 4–5 times per year contribute roughly 12% to the annual rainfall
accumulation. This means 1% of the rainy hours per year or 0.0005% of the total annual hours
are responsible for producing roughly 12% of the annual accumulation. These simple figures
help demonstrate the importance of heavy rainfall events across Louisiana and reveal that a large
portion of precipitation occurs in short but intense rainfall events, with a majority occurring
during summer between 1800–2300 UTC. If these extreme hourly events continue to increase
through time, it will have significant implications for Louisiana, especially low elevation coastal
areas. If more areas continue to become urbanized while extreme hourly rainfall events increase,
more rainfall will runoff, which will have implications for water quality, the subsurface water
table, and flooding.
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2.3.5. Relation to Gulf of Mexico Sea Surface Temperatures
Moisture from the GOM often influences weather and precipitation patterns in the United
States (Trenberth 1998, Trenberth et al. 2003). Generally, as the GOM warms, more moisture is
available in the atmosphere, which in a matter of days can be transported to the United States
depending on atmospheric dynamics and flow (Trenberth et al. 2003). In this study, we
determine if the monthly frequency of hours with precipitation is correlated with monthly GOM
SST anomalies. SST data were collected from the National Centers for Environmental
Information-Extended Reconstructed Sea Surface Temperature (ERSST) v4 dataset (Huang et al.
2015). ERSST v4 is a global monthly SST dataset developed and based on the International
Comprehensive Ocean-Atmosphere Dataset (ICOADS). ERSST v4 is a 2° × 2° gridded data
product that begins in January of 1854. For this study, data were collected for the forty-one grid
cells (see Figure 2.9, from Allard et al. 2016) in the GOM from 1980–2016. This 37-year period
was chosen because the level of uncertainty or error is less compared to earlier in the dataset and
it roughly coincides with the implementation of satellite SST measurements (Huang et al. 2015)
that increases the spatial coverage (measurements) of the dataset. One problem with ERSST v4,
particularly prior to 1950, is the sparseness of observations, which limit interpretation (Kaplan et
al. 2003, Hartmann et al. 2013) and known systematic biases resulting from changes in
measurement types and instruments (Huang et al. 2015). It is also known that this data product
has limitations at local scales, for example, if only a few of the grid cells are being used for
analysis. Many of the biases have been accounted for and corrected (Huang et al. 2015),
especially in the more recent years of the dataset, making it ideal for this analysis.
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Figure 2.9. Array of the forty-one 2˚ × 2˚ degree (latitude × longitude) grid cells used. From
Allard et al. (2016).
The default anomalies computed in ERSST v4 were computed with respect to the 1971–
2000 monthly climatology; however, for this analysis anomalies were computed with respect to
the selected 1980–2016 data, a period warmer than previous decades (Allard et al. 2016). The
monthly SST anomalies were calculated for each individual grid cell by taking the mean of each
month through time (e.g. Jan 1980, Jan 1981, Jan 1982, etc.), subtracting each individual
observation from the given month’s mean, and dividing by the month’s standard deviation to
produce the anomalies (e.g.,

(!"# !"#$ !"#$.– !"# !"#$%&# !"#$.)
!"# !"#$.!"#$%#&% !"#$%&$'(

).

A time series of the monthly frequency of hours with precipitation for each station was
correlated with each individual GOM ERSST v4 grid cell to determine if any linear relationships
existed. Using Pearson’s correlation table, the two-tailed probabilities at the 0.05 level are 0.334,
meaning r values above (below) 0.334 (–0.334) are significant at the 0.05 level indicating a
positive (negative) relationship.
Results indicate significant correlations for all coastal stations (BTR, MSY, LCH) during
each of the winter (DJF) months, while SHV showed no correlation; however, the correlations
show an interesting pattern. In December and more strongly in January, the eastern and
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northeastern sectors of the GOM show positive correlations with hours of precipitation for the
coastal stations (Figure 2.10), meaning that when these sectors are anomalously warm, the
coastal stations tend to receive more hours with precipitation. In February the correlations reveal
a strikingly different pattern. During February, anomalously cool SST in the western portion of
the GOM correlate negatively with more hours of precipitation for the coastal locations (Figure
2.10) and as the SST in this region of the GOM warm, the coastal locations receive fewer hours
with precipitation in February. No other months showed significant correlations between GOM
SST and hours with precipitation.

Figure 2.10. Correlation results between coastal stations (BTR, MSY, LCH) hours with
precipitation and winter SST. Warmer colored cells represent a positive correlation, while cooler
colored cells equal negative correlations. Green cells equal low to no correlation (0).
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To further investigate the significant correlations during winter between hours with
precipitation at the coastal stations and GOM SST, the 37-year time series were split into 3
separate 14-year time series (1980–1993,1992–2005,2003–2016) to determine if the correlations
observed in the larger time series were persistent through time. With a sample size of 14 in each
group and using 12 degrees of freedom the Pearson’s Correlation value (r-value) needed to be
significant at the 0.05 (two-tailed) level is 0.576 (–0.576).
In December during the first time series (1980–1993) almost the entire basin is positively
correlated with hours of precipitation for all coastal stations and is significant at the 0.05 level.
The second December time series (1992–2005) showed no significant correlation, with many of
the grids even showing slightly negative r-values. The most recent December (2003–2016) failed
to show significant correlations, but R-values in the eastern sector were in the 0.40–0.43 range,
showing a positive relationship.
In January, the first time series (1980–1993) showed significant positive correlations for
BTR and MSY in the eastern and northeastern sectors of the GOM while LCH showed positive
correlations that were not significant at the 0.05 level. The second time series showed positive
correlations in the eastern and northeastern GOM for all three stations (mostly between 0.30–
0.40) but failed to reach statistical significance. The final January time series (2003–2016) again
showed positive correlations in the eastern and northeastern sector of the GOM with r-values
between 0.30–0.45 but failed to reach statistical significance.
In February, the first time series (1980–1993) showed a significant negative relationship
between SST in the western GOM and hours with precipitation for all three coastal stations.
Correlations ranged between –0.50 to –0.65 for much of the western GOM. The second time
series (1992–2005) also showed a significant negative relationship in the western GOM for all
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coastal stations, with correlation values between –0.40 to –0.60. However, the most recent times
series (2003–2016), while again demonstrating the negative relationship failed to show statistical
significance at the 0.05 level. Most of the correlations were between –0.30 to –0.35 for all the
stations and the western GOM. These correlations must be interpreted with caution because of
the low sample size and assumption of no error in the ERSST v4 values; nonetheless, they help
establish that the patterns seen in the longer temporal correlation are persistent through time.
The accumulation of these time series into one larger time series (e.g. Jan 1980–2016 or
Feb 1980–2016) increased the degrees of freedom and reduced the critical value level needed to
surpass statistical significance. Each complete winter month time series (1980–2016) revealed
statistical significance in portions of the GOM of Mexico for each station. In December and
January, the significance is found in the eastern and northeastern sectors of the GOM and when
temperatures are warmer in those locations, the coastal stations tend to receive more hours with
precipitation. This pattern is less consistent when examined on a shorter temporal scale, but is
evident when looking at multiple decades. In February the significance is stronger compared to
December and January and is found in the western portion of the GOM. This pattern, of cooler
GOM temperatures causing more hours with rainfall in coastal Louisiana, shows more strength
and is more consistent through time compared to the pattern seen in December and January.
2.4. Discussion
The relationship between GOM SSTs and hours with precipitation at coastal stations
across Louisiana is somewhat complex and is most likely related to thermal contrasts between
the land and sea, cyclogenesis, and frontal overrunning. It is well known that GOM cyclogenesis
reaches its annual peak in DJF with roughly equal numbers of cyclones forming during each of
those months (Whittaker and Horn 1981). Spatially, cyclogenesis occurs frequently over the
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western and northwestern sectors of the GOM (Johnson et al. 1984, Faiers 1988, Lewis and Hsu
1992), which induces frequent frontal-related precipitation events (Faiers 1988). The
northwestern and western portions of the GOM are primary sites of cyclogenesis due to lowlevel circulation patterns, sea surface isotherms, and the shape of the coastline (Lewis and Hsu
1992). In fact, the shape of the coastline and associated SST are related because winter SST
isotherms often parallel the shape of the coast. These patterns help to establish low-level
mesoscale circulation that aids cyclogenesis (Atlas et al. 1983). Atlas et al. (1983) showed that
the shape of the coastline and particular SSTs can encourage a spatial change in boundary layer
height, surface pressure, and surface air temperature. For example, in a sea breeze front, when
mesoscale circulation is established, sea level isobars tend to parallel the shape of the coast, with
higher pressure found near the shore and lower pressure found off the coast (Atlas et al. 1983;
Lewis and Hsu 1992). Therefore, outbreaks of cold air can help to establish low-level
atmospheric patterns with cyclonic vorticity, low pressure offshore, and low-level convergence
in the form of a front (Atlas et al. 1983). Thus, a prime zone of cyclogenesis is established when
cold air sweeps over the western and northwestern sectors of the GOM. However, given that the
frequency of cyclogenesis remains relatively constant across the GOM during DJF (Whittaker
and Horn 1981), it seems likely that the GOM SST and precipitation relationship is dictated by
cyclone tracks and frontal locations.
In years where the coastal stations of Louisiana receive more hours with precipitation in
December and January, the eastern and northeastern sectors of the GOM tend to be warmer. This
relationship, while not as strong as seen in February, is most likely the result of the tracks of the
cyclones forming across the western and northwestern portions of GOM. Cyclone tracks during
December and January tend to be shifted slightly further north and do not often track across into
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the eastern GOM along the Florida coast (south of 27°N) (Klein 1957), which explains Florida’s
lack of precipitation during winter (Kunkel et al. 2013). This often causes southerly advection in
the eastern and northeastern GOM that allows warm water to accumulate along the continental
shelf off western Florida (evident by frequent warm fronts). This pool of warm water provides a
perfect source of moisture and instability for precipitation during frontal passage.

Figure 2.11. Classic February cyclone in favorable cyclogenesis location (top) and typical
February frontal overrunning scenario (bottom).
By February, westerlies in the lower latitudes are normally at their strongest at 700mb
and 500mb. February is also, on average, the time when the GOM is at its coolest and when air
temperatures along the Gulf Coast start to rise from their lows in December and January. This
produces an even greater contrast between GOM SST and Gulf Coast air temperature. Both of
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these factors can aid in cyclogenesis, and cool SSTs in the western and northwestern GOM are a
reflection of cyclogenesis and frontal overrunning. As frequent storms spin counterclockwise and
fronts stall across the western and northwestern sectors of the GOM, SSTs gradually cool due to
the presence of a cold airmass above the ocean surface and upwelling along the coast. This helps
to explain the strong correlation present between anomalously cool SST in the western sector of
the GOM and monthly hours with rainfall for stations across coastal Louisiana in February. A
classic example of cyclogenesis and frontal overrunning occurring in February can be seen in
Figure 2.11.
2.5. Conclusion
This research assessed the climatology of hourly precipitation using four-first order
weather stations across Louisiana. Three of the stations had complete data from 1950–2016,
while one station provided data for 1960–2016. A preliminary analysis of the data revealed each
station records around 450 hours with measurable precipitation annually, with a standard
deviation around 75 hrs. Each station records the maximum number hours of with precipitation
in winter, but differ on the season that produces the minimum. BTR and MSY tend to experience
their minimums in fall, while LCH has a spring minimum and SHV in summer.
Trends in the annual hours with precipitation through time were analyzed using
regression. Using time (year) as the independent variable and number of hours with precipitation
as the dependent variable it was found that no stations had significant increases or decreases in
the number of hours with measurable precipitation on an annual basis. However, when examined
seasonally, BTR and LCH showed significant increases in the number of hours with rainfall
during fall and LCH also showed an increase in the number of hours in summer. Of all the
stations, only BTR showed a significant increase in the annual amount of precipitation through
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time. Trends were investigated in the frequency of fixed (0.254, 1.27, 2.54mm) and percentile
defined (90th, 95th, 99th) events at each station. When split into two separate series, (1950–1983
and 1984–2016), results show significant decreases in the frequency of 0.254, 1.27, and 2.54mm
events for BTR and MSY in the most recent time series. LCH showed increases in the frequency
of 0.254 and 1.27 events during the entire study period and no significant decrease in the (1984–
2016) time series. LCH also showed no trend in any of the percentile-defined thresholds. SHV
had no significant trends in any of the time series for the fixed thresholds (but decreasing trends
were noted in the most recent times series) and only had one significant trend in the percentile
defined thresholds (90th). BTR and MSY also both exhibited increasing trends in the frequency
of 90th percentile hourly events through time,
All stations besides LCH had significant increases in average hourly intensity through
time. This result is consistent with other studies (e.g. Powell and Keim 2015) that found
increasing intensity in rainfall across stations in the southeast United States. It was determined
that roughly half of the annual precipitation total is attributed to 90th percentile hourly events at
each station, meaning on average, roughly 44–47 hours in a given year produce half of the
annual rainfall total. An increasing trend in these extreme hourly rainfall events is already
evident in Baton Rouge, New Orleans, and Shreveport. If these trends continue, it will have
implications for runoff and flooding. Conversely, since a large percentage of annual rainfall is
produced by these events, a lack of them could result in drought. Future work should examine
whether the increases seen in extreme hourly events are natural or related to anthropogenic
activities warming the climate system, as a warmer system translates to an atmosphere that can
store and transport more moisture.
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Finally, monthly hours with precipitation at each of the four stations were correlated with
GOM SST anomalies from 1980–2016. Results showed that warmer eastern and northeastern
sectors of the GOM correlated with more hours of rainfall during December and January at BTR,
MSY, and LCH, while cooler temperatures in the western and northwestern sectors of the GOM
in February correlated with more hours with rainfall for the same three coastal stations. This
relationship is thought to be the result of cyclogenesis, cyclone tracks, and the frequency of
frontal overrunning along the Gulf Coast. The relationship seen in December and January
between hours with precipitation and GOM SST is not as strong as the relationship seen in
February. Warmer temperatures in the eastern GOM correlated with more hours with
precipitation in coastal Louisiana during December and January. In contrast, there is a
relationship between cooler than average western and northwestern GOM SSTs and hours with
precipitation along the coast of Louisiana in February. Further research will investigate the GOM
SST and precipitation relationship, especially the differences in spatial correlation found in
winter, which is beyond the scope of this work.
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Chapter 3. Climatology and Trends in Hourly Precipitation for the Southeast
United States
3.1. Introduction
Precipitation across the Southeast United States (hereafter SeUS) varies substantially
from year-to-year. For example, in 2007 an extreme drought struck parts of Georgia, Alabama,
eastern Tennessee and the Carolinas followed by excessive rainfall and flooding in roughly the
same area in 2009, both of which caused catastrophic economic loss (Manual 2008; Maxwell and
Soule 2009; Gotvald and McCallum 2010). This inherent variability has a large effect on the
hydrologic cycle and small shifts in precipitation totals, intensity, and duration impact runoff,
soil moisture, and crop yields in the region (Karl and Riebsame 1989). Total accumulation,
which represents an aggregation of rainfall characteristics, is often used to quantify precipitation
and is a vital metric for agriculture, freshwater resources, and water availability. However, using
accumulation alone omits a large portion of the precipitation story, such as cause, type, duration,
and intensity. These variables are condensed into one quantity and summed over a day, month,
season, or year to define precipitation, primarily because most precipitation data are recorded
daily (Zolina et al. 2010; Zolina et al. 2013; Trenberth et al. 2017). Daily data are critical to our
understanding of precipitation but its intermittent nature highlights the need to quantify other
characteristics such as frequency, intensity, and duration, which do not operate at the daily scale
(Trenberth and Zhang 2018). For example, most severe and extreme storms are associated with
short periods of intense rainfall (Muschinski and Katz 2013) that are not apparent when
examining daily data.
To better understand the significance of projected climatic change, the historical record
of variability must be investigated so anticipated conditions can be placed in a longer-term
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perspective (Bradley et al. 1987). It is known the frequency and intensity of precipitation events
change with temperature according to the Clausius-Clapeyron equation (Trenberth et al. 2003).
In fact, intensity has been observed to increase more than mean precipitation (totals) under a
warmer climate (Trenberth et al. 2003) and is one of the more detectable aspects of a changing
hydrologic cycle (Hegerl et al. 2015; Wang et al. 2017). Precipitation extremes are also projected
to become more frequent (Chou et al. 2012; IPCC 2014; Fischer and Knutti 2015), primarily
related to changes in thermodynamic processes (Emori and Brown 2005; Maloney et al. 2014;
Prein et al. 2017). Recent work by Skeeter et al. (2019) found significant increases in extreme
events across portions of the SeUS; thus, necessitating the examination of sub-daily events to
determine if they are changing in conjunction with daily and multi-day events.
While parts of the SeUS experienced a “warming hole” or an absence of warming
compared to other regions in the US during the past century (Rogers 2013), temperatures in the
region have increased by roughly 2°F since the 1970s and diurnal temperature ranges have
decreased broadly, primarily due to rising minimum temperatures (NCADAC 2013; Powell and
Keim 2015). With scientific consensus asserting the global climate has and will continue to
warm (See IPCC 2014 AR4; USGCRP 2017) and given the recent observed temperature changes
(shrinking daily temperature range, increases in minimum temperatures, see USGCRP 2017)
across the SeUS, it is plausible to expect a response in precipitation; however, trends in
precipitation have been difficult to detect. Detection is challenging because of inherent
variability, but locations in the SeUS have generally experienced more precipitation in less time
(NCADAC 2013; Powell and Keim 2015) and extreme precipitation events have become more
frequent in recent decades (Kunkel 2003; USGCRP 2017; Skeeter et al. 2019). Sub-daily data
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that allows for the investigation of precipitation characteristics are needed to better understand
the direct effects a changing climate may have on precipitation in the SeUS.
The goal of this research is to examine precipitation characteristics using hourly data to
better understand sub-daily precipitation across the SeUS. No such climatology exists to date,
and only recently has work been started on rain day climatology. In particular, this research
focused on the frequency of precipitation hours (PH), duration of events, intensity, and hourly
totals. Frequency and duration are important for agriculture and vegetation, while intensity and
rainfall rates relate to flooding risks (Trenberth and Zhang 2018).
This analysis expands upon previous research on trends in precipitation (e.g. BurauskaiteHarju 2012; Powell and Keim 2015; Fu et al. 2016) by examining hourly precipitation data at 50
first-order weather stations across the SeUS. Previous studies (Groisman and Easterling 1994;
Karl et al. 1993, IPCC 2014; Skeeter et al. 2019) focused on accumulations when determining
change, but variations in accumulation could be the result of more hours with precipitation, more
intense events, or a unique combination of changes in frequency, duration, and intensity. The
objectives of this study will:
1) introduce an annual and seasonal climatology of the frequency of PH across the
SeUS,
2) investigate the average duration and intensity of hourly precipitation annually and
seasonally, and
3) develop time series of hourly precipitation characteristics to test for trends in the
annual and seasonal frequency of hours with precipitation and amounts, change in
overall intensity and duration of hourly events, and the frequency of 90th percentile
hourly events.
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3.2. Study Region
This research investigates the spatiotemporal characteristics of precipitation across the
SeUS (Figure 3.1). The region was selected because it frequently experiences extreme events
(Kunkel et al. 2013, Keim et al. 2018), is highly vulnerable to a changing climate (Powell and
Keim 2015, Carter et al. 2018), is a leading producer of important crops such as oranges, cotton,
tobacco, rice, and vegetables (USDA 2016), and matches the study region used by Henderson
and Vega (1996), Keim (1997), and Powell and Keim (2015). The region constitutes the
southeastern quadrant of the conterminous United States.

Figure 3.1. The eleven state region selected for this study. Blue dots represent the location of
first-order weather stations used for testing trends (50 in total). An additional 6 stations were
used to create climatology figures (not pictured).
Composed of eleven states—Alabama, Arkansas, Florida, Georgia, Louisiana,
Mississippi, North Carolina, Oklahoma, South Carolina, Tennessee, and Texas—the SeUS is
classified as humid subtropical (excluding western Texas, Oklahoma, and southern Florida), but
seasonal and annual distributions of precipitation vary substantially (Figure 3.2). Coastal
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locations along the Gulf of Mexico (GOM) receive around 1524 mm (60 in.) of precipitation
annually, while central locations in the Carolinas and Georgia receive between 1016–1270 mm
(40–50 in.) (Kunkel et al. 2013). The highest annual average accumulation occurs near
southwestern North Carolina along the Tennessee border where totals often exceed 2540 mm
(100 in.); the lowest totals are found in western Texas and Oklahoma where less than 508 mm
(20 in.) are received annually. Variability is largely explained by daytime convective rainfall
(Kunkel et at. 2013), the strength and position of the Bermuda High, particularly in summer (Li
et al. 2011; Li et al. 2012; Deim 2013; Zhu and Liang 2013), proximity to and sea surface
temperatures (SST) of the GOM (Trenberth 1998; Trenberth et al. 2003) and Atlantic Ocean,
tropical cyclones (Keim 1996; Nogueira and Keim 2010; Nogueira and Keim 2011; Nogueira et
al. 2013), and local topography. Tropical cyclones, which are important to the climatology
(Simpson and Riehl 1981; Nogueira et al. 2013) and cause extreme precipitation events in the
SeUS (Kunkel et al. 2012), were not controlled for or removed.

Figure 3.2. Annual average precipitation of the Southeast United States 1981–2010. Source
PRISM Climate Group, supported by USDA Risk Management Agency and Northwest Alliance
for Computational Science and Engineering (NACSE) based at Oregon State University.
Copyright © 2018, PRISM Climate Group, Oregon State University, http://prism.oregonstate.edu
Map created 2015.
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3.3. Data
Data for this research come from 50 first-order weather stations (Figure 3.1) that are
maintained by the National Centers for Environmental Information (NCEI) within the Hourly
Precipitation Database (HPD). The HPD provides time-sequenced hourly precipitation totals for
a network of over 7000 reporting stations primarily located in the United States (NOAA 2016).
The HPD is available on a station-by-station basis and returns all hours with recorded rainfall
including traces in local standard time. Only first-order weather stations, which provide reliable,
quality controlled, hourly observations at long temporal scales, were selected for this analysis.
Following methods from Brown et al. (2018), precipitation time series were created for
each station. Initially, the year 1950 was selected as the start date for the time series because a
large number of first-order stations across the region and United States were moved to airports
around that time. By 1950, a majority of the stations were operational, thus providing a uniform
starting point; however, some stations have gaps early in the record and others did not come
online until the 1960s. For these reasons and to ensure a large enough sample size, first-order
weather stations with continuous hourly precipitation data starting in 1960 (58 years) were used.
To ensure the data were reliable, hourly observations for each station were summed by
year to attain an annual total. These annual hourly data were compared to the Local
Climatological Data (LCD) publication that archives some of the most reliable precipitation data
available. In most cases, precipitation totals from hourly and daily data agree; however, they may
disagree for a number of reasons, including under catchment by automated hourly stations or
missing hourly data. One requirement of this study is a continuous time series for each station
where the hourly observations of each year sum to within ± 10% of the reported LCD annual
precipitation total from daily data, a threshold selected to follow methods in Brown et al. (In
Press). It is known that in the HPD some stations do not meet the 10% requirement for certain
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years. For example, at Baton Rouge Ryan Airport (KBTR) in 1985, there are multiple rain days
with missing hourly data. To avoid sacrificing the entire station’s dataset because of a few
missing observations, two other data sources were used, the Midwestern Regional Climate
Center (MRCC) and the Iowa Environmental Mesonet (IEM).
The first supplementary dataset is the MRCC’s hourly precipitation database. This
database also reports hourly precipitation in local standard time. Hourly rainfall totals from the
MRCC database are usually the same as the HPD but sometimes (often due to different quality
control techniques) contain observations that are not present in the HPD. The MRCC data helped
add observations to years when the HPD data did not meet the 90% requirement. Brown et al.
(2018) found that when using the MRCC’s data, a majority of the years that did not meet the
90% requirement using the HPD alone can be supplemented making them able to meet the 90%
requirement; however, the Regional Climate Center data are very similar to the HPD. Often if
data are missing in the HPD, they are also missing in the Regional Climate Center data. This was
the case with KBTR data from 1985, when hourly data from both datasets only summed to
roughly 88% of the reported annual total in the LCD annual report from daily data.
To attain the 90% threshold, a second supplementary data source was used. This source is
the IEM raw METAR data. Hourly precipitation totals from METAR are reported at varying
times, often at 53-minutes past the hour and can also contain other special observations, which
can lead to differing hourly totals (between RAW METAR and final HPD) during PH without
careful analysis. In some cases, especially during heavy rainfall, the hourly reported IEM data
differ from both MRCC and HPD data by a few millimeters. Differing totals between the NCEI
LCD annual and monthly reports and summed hourly data can often be attributed to a few
individual months, or just a few days within a given year (i.e., a severe weather event), as was
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the case in 1985 at KBTR. Therefore, individual months or days where HPD or MRCC data are
clearly missing or lacking were replaced with IEM METAR data. This was performed manually
on a station-by-station basis by identifying time periods (first months then days) in which HPD
or MRCC hourly data differed from the LCD daily reports. The IEM data were only used for
years in which the annual precipitation totals from the other two hourly sources were below 90%
of the annual totals based on daily data. Within these years, the IEM data were only substituted
for the specific months where precipitation totals from the hourly data were below 90% of the
totals from daily data. For example, if the June 1990 LCD from daily data recorded 254 mm (10
in) of precipitation but the HPD hourly data only summed to 203.2 mm (8 in) (80%) then the
day(s) in which the missing totals occurred would be replaced with IEM data. This was easily
identifiable using the LCD daily reports.
The differing time collection method used in the IEM and its automated nature introduces
slight biases (i.e., under-catchment, tipping bucket issues, systematic errors, etc.) but enabled the
construction of a continuous hourly precipitation time series where all years’ capture at least
90% of the edited annual LCD report values. It is important to note that most years at each
station using the HPD alone contained at least 95% of the annual precipitation total. Also of
importance is the treatment of trace values. Trace values represent a wet gauge but no
measureable accumulation and were removed from this analysis.
3.3.1. Limitations of Data
The likelihood a particular gauge captures the true amount of rainfall produced by an
event are extraordinarily low. Gauge measurements tend to underestimate true precipitation,
largely due to wind turbulence at the gauge orifice and wetting loss on the inside walls of the
gauge (Groisman and Legates 1994). The catch of gauges decreases as wind speeds increase and

52

errors are larger with snow (Legates and Deliberty 1993). Legates and Deliberty (1993)
estimated the average bias in gauge measurements across the United States is roughly 9%, with
higher biases found in locations that receive frequent snow and reside at high elevations due to
less friction. However, Legates and Deliberty (1993) found stations in the SeUS tend to have the
lowest bias compared to other regions, with an average bias of less than 8%.
Another limitation of in situ precipitation data is caused by station relocation and gauge
type used. Periodic relocation of stations can induce discontinuities in precipitation time series
and, along with other biases discussed above, may limit the ability to detected changes in the
hydrologic cycle or climate change (Groisman and Legates 1994). Keim et al. (2003)
investigated relocation bias and its impact on temperature measurements and asserted that it is
likely these biases also exist in precipitation time series. When a precipitation gauge is moved, it
is probable the vegetation, proximity to buildings, or elevation also changed. A consequence of
such movement is changes in wind flow characteristics near the gauge, which can affect gauge
catchment (Eischeid et al. 1991). It is also important to understand that the gauges themselves
periodically get replaced or upgraded. An example can be seen in the hourly gauge at Louis
Armstrong New Orleans International Airport, LA, which has changed four times since 1950.
Originally the airport housed a Universal Rain Gauge, followed by a Tipping Bucket, then an
Automated Heating Tipping Bucket, and finally, an All-Weather Precipitation Accumulation
gauge. This may seem detrimental to any analysis attempted, but all records of equipment type
and relocation are well documented. It is also important to keep in mind the strict quality control
standards maintained by the National Weather Service (NWS). The NWS requires that stations
not be moved more than roughly 8-km (5-mi.), nor change elevation +/- 30-m (100-ft.), to be
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considered compatible with the original station location. This ensures that precipitation
measurements are as reliable and consistent as possible (National Weather Service 2012).
Trepidations regarding the accuracy of gauge measurements are a problem in any
analysis and although no dataset is perfect, the HPD is one of the more reliable sources of hourly
precipitation (Brooks and Stensrud 2000). As stated above, the likelihood a gauge captures the
true precipitation total of an event is extremely low. To avoid this bias, this analysis focused on
PH. PH are binary, meaning it is either raining or not. It is likely PH have less biases when
compared to precipitation totals.
3.4. Methodology
Data from the HPD and the supplemental sources were used to create time series of PH
and precipitation totals on an annual and seasonal basis. Regression, which is widely used in
precipitation research (Kunkel et al. 1999; Groisman et al. 2012; Skeeter et al. 2019; etc.) was
implemented using the created time series to determine if long-term trends existed in annual and
seasonal PH and precipitation totals time series for each station. The residuals for each stations
time series were tested for normality - an assumption of regression (Montgomery and Peck
1982), using the Shapiro-Wilk test (Shapiro and Wilk 1965). Residuals for some of the times
series (e.g., stations in Texas where zero precipitation during a season can occur) were not
normally distributed and exhibited p-values < 0.05; however, small deviations from normality do
not affect the regression model as it is robust when errors in normality are present (Montgomery
and Peck 1982). Further evaluation using Normal Q-Q, Residual vs Fitted, and Scale-Location
plots revealed approximate normality and added confidence to the regression tests performed on
the time series with time (year) as the independent variable and the number of PH or totals as the
dependent variable. An example of one regression equation is as follows,
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(winter PH) = b0 + b1 (year).
To investigate changes in hourly precipitation intensity, four separate time series were
created for each station, all on an annual basis. First, the average annual hourly intensity was
calculated for each station by adapting the simple daily intensity index for hourly data (Powell
and Keim 2015; Brown et al. 2018). The simple daily intensity index is calculated by dividing
the annual precipitation total by the number of days with precipitation (defined as any day with
precipitation > 0 mm) as a measure of intensity. Similarly, the annual hourly intensity was
calculated by dividing the annual precipitation total by the number of PH in that given year.
Second, time series of average hourly accumulation were created by averaging each
hourly observation (only on hours where precipitation > 0.254 mm) within each year. The
frequency distribution of hourly precipitation amounts resembles a Poisson or right skewed
distribution, with the highest frequency occurring at 0.254 mm (0.01 in.) and decreasing in
frequency as magnitude increases (Figure 3.3). The nature of the hourly precipitation distribution
does not allow for considerable deviation in the mode or median; however, the mean will more
noticeably shift up or down when changes in precipitation occur (i.e. more or less intense
precipitation in a year) and provides a good indication of changes in the distribution.

Figure 3.3. Example of typical hourly precipitation distribution. The highest frequency (mode)
occurs at 0.254 mm (0.01 in.), the median at 1.27 mm (.05 in.), and the mean at 3.30 mm (0.13
in).
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Third, a time series of the frequency of hours above the overall average hourly
accumulation was created. For example, the average hourly accumulation using all hourly
observations (1960–2017) with precipitation at Baton Rouge (KBTR) is 3.3 mm (0.13 in.). The
number of times (frequency) an hourly precipitation total was greater than this station specific
average hourly total was recorded for each year of the time series to determine if above average
hourly totals are occurring more frequently through time.
The annual frequency of 90th percentile hourly events was used to determine if the top
10% of hourly events were changing through time. This metric is of interest because Karl and
Knight (1998) found increases in precipitation mostly due to changes in the top 10% of the
distribution, where the total precipitation attributed to heavy and extreme events increased at the
expense of moderate events. Furthermore, Prein et al. (2017) asserted extreme hourly
precipitation events would increase significantly across the United States in areas with abundant
moisture, such as the SeUS. Each 90th percentile threshold was calculated on a station-by-station
basis based on the time series of hourly precipitation amounts. One disadvantage of the
percentile-defined approach becomes evident when the time series is ranked because a large
range of values exist at the far right of the distribution that can differ by tens of millimeters
(Groisman et al. 2012); however, for this analysis the focus is on the frequency of events
surpassing station specific thresholds, not exact hourly totals.
The annual duration of precipitation events was investigated by averaging the duration of
all precipitation events within each year. Using hourly precipitation data, durations have to be
expressed in hourly increments (Robinson and Henderson 1992). While the occurrence of
measured precipitation in an hour does not assure continuous precipitation or even that a single
event occurred, it is impossible to separate those events (Robinson and Henderson 1992).
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Robinson and Henderson (1992) discussed how the length of dry periods between events is not
self-evident and that synoptic analysis by Thorp and Scott (1982) suggest that there is no single
correct value to separate events. However, for climatological and hydrological uses, a single
consistent separation interval (or one-hour) is desirable (Robinson and Henderson 1992). In this
research, if measureable precipitation was recorded, it was labeled as an event and the length of
the event depended on how many consecutive hours’ measurable precipitation occurred. In each
year, for each station, the average duration of events was calculated by determining each
individual event duration and summing each, then divide by the annual frequency of individual
events. This helps determine if annual event durations are changing through time. Each of the
time series were tested for normality for use in regression.
3.4.1 Kriging and Natural Break Classification
To visualize spatial (climatological) patterns in precipitation characteristics, spatial
interpolation via ordinary kriging with natural break classification in ArcGIS 10.5 was used.
Interpolation was necessary due to the sparseness of reliable, long-term hourly station data. The
eleven state region covers roughly 2,066,712 km2 (797,962 mi2). If the stations were equally
spaced, there would be one station for every 36,905 km2 (14,249 mi2) – making this one obvious
limitation of the analysis. Kriging, a geostatistical technique for optimal spatial estimation
(Waller and Gotway 2004; Ozturk and Kilic 2016), uses the statistical properties of the stations
precipitation characteristics, quantifies the spatial autocorrelation of the station points and
accounts for the configuration of the points around the estimated location(s) (Matthews 2002;
Ozturk and Kilic 2016). The distance between stations is assumed to reflect spatial correlation
that can be used to explain variation in the estimated surface (Oliver and Webster 1990). One
limitation of this approach in addition to the distances between points is topography, which is not
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accounted for and can lead to over simplification of local precipitation characteristics in
mountainous areas of the region.
These maps are used to generalize precipitation characteristics across the SeUS and have
limitations in interpretation because of the sparseness of data points. This limitation can be seen
when comparing Figure 3.2, which is generated (1981–2010) from a relatively dense station
network (daily data) and incorporates digital elevation models and other spatial data sets (Daly et
al. 1997), and Figure 3.4b, generated from hourly data at 56-first order weather stations (1960–
2017). To generate Figure 3.4b and subsequent climatology maps, 6 additional stations were
used with slightly differing starting dates (between 1965–1970) to fill gaps in data sparse areas.
These stations were only used for the climatological maps to better fill in data gaps and to aid in
visualizing patterns across the SeUS. These stations were not used in any other part of the
temporal analyses.
The highest annual average precipitation accumulation in the region, located along the
border of eastern Tennessee and western North Carolina in the Appalachian Mountains, is not
evident on Figure 3.4b. Higher accumulations in the Ouachita Mountains of western Arkansas
are also not captured because of the relatively sparse station density. The spatial patterns shown
in the generated climatological maps are only as good as the spatial resolution of the stations.
While local precipitation characteristics and spatial patterns are greatly simplified, the kriged
annual accumulation map from hourly data largely identifies the same precipitation patterns
(accumulation) as Figure 3.2. This lends confidence to all the interpolated precipitation maps.
For more information on kriging see Matthews (2002), Waller and Gotway (2004), Ozturk and
Kilic 2016, as well as the Environmental Systems Research Institute (ESRI) website.
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Natural Breaks (Jenks) was used to classify the categories for each precipitation
characteristic. The natural breaks method classifies data values into separate “bins” based on
breaks or naturally occurring gaps in the data (Jiang 2013). This optimization minimizes withinclass variance and maximizes between class variations simultaneously (Jenks 1967) and is
known as the goodness-of-variance fit method (Jiang 2013). This approach is widely used in
statistical mapping (see Chen et al. 2013 and Jiang 2013). For more information on natural
breaks see Jenks (1967).
3.5. Results
3.5.1 Annual Climatology
Using kriging and natural breaks classification in ArcGIS 10.5, a map of average annual
PH across the SeUS was created (Figure 3.4a). Results indicate stations in eastern Tennessee and
western North Carolina experience the most PH annually, while stations in western Oklahoma
and Texas receive the least. Louisiana and northern Florida experience a similar number of PH
and a large east to west gradient is prevalent across Texas. Comparing Figure 3.4a and Figure
3.4b, it is evident that precipitation characteristics vary substantially across the region. For
example, southern Louisiana, Mississippi, and Alabama tend to accumulate more precipitation
compared to the rest of the region, excluding orographically forced precipitation over eastern
Tennessee and southwestern North Carolina which is not resolved in Figure 3.4b, but do not
experience the most PH. This is the result of differing hourly precipitation intensities and
durations produced by varying synoptic conditions that cause precipitation in the region.
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Figure 3.4. Annual precipitation characteristics, (A; top left) annual average precipitation hours,
(B; top right) annual precipitation accumulation (mm), (C; bottom left) annual average
precipitation duration, and (D; bottom right) average annual hourly precipitation accumulation
(mm).
The average annual duration of precipitation events (Figure 3.4c), which are not confined
to the daily scale, follows a similar spatial pattern as PH. Florida, where the precipitation regime
is dominated by summer afternoon convection, and western Texas, the driest sector of the region,
have the shortest precipitation event durations on an annual basis. Gulf Coast stations also
exhibit lower annual durations compared to stations across the northeastern tier of the region.
These stations (across AR, TN, NC, and SC) receive more PH but less accumulation resulting in
less intense precipitation that persists for a longer duration. This pattern is reflected in average
hourly accumulations (Figure 3.4d), which are roughly 25% higher across the Gulf Coast and
Florida compared to the western and northeastern portions of the region, and the average annual
frequency of 25.4 mm (1 in.) or greater hourly events (Figure 3.5). The Gulf Coast and Florida
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average approximately twice as many 25.4 mm (1 in.) or greater hourly events annually
compared to the rest of the region.

Figure 3.5. Average annual frequency of 25.4 mm (1 in.) or greater events, derived by frequency
of events divided by station period of record.
3.5.2 Seasonal Climatology
Seasonally, the locations that receive the most PH shift dramatically. In winter (DJF), the PH
maximum is located in eastern Tennessee and along the Appalachian Mountains (Figure 3.6a),
due to slow moving frontal events, orographic uplift, and cold air damming events (Bell and
Bosart 1988; Rackley and Knox 2016). This area is also where the annual snowfall maxima is
located for the SeUS (Kunkel et al. 2013). However, the highest accumulations are located in
Louisiana, Mississippi, and Alabama (Figure 3.6b). Southern Florida experiences similar PH
frequencies as parts of Texas, mainly due to a shift in storm tracks (Klein 1957, Whittaker and
Horn 1984) that shield Florida from precipitation events. Average durations in winter follow a
similar pattern as PH (Figure 3.6c), where Florida and Texas have shorter durations compared to
most of the region. Longer duration events in the northeastern sector of the region are related to
frontal events that often bring snow (Keim 1996). Gulf coast locations exhibit shorter durations
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compared to interior locations but have much higher average hourly accumulations (Figure 3.6d),
highlighting the intensity of winter precipitation across the Gulf Coast. Nonetheless, winter is
when most stations experience the longest average duration of precipitation events, primarily due
to frequent frontal events (Keim 1996).

Figure 3.6. Winter (DJF) precipitation characteristics, (A; top left) average precipitation hours,

(B; top right) precipitation accumulation (mm), (C; bottom left) average precipitation duration,
and (D; bottom right) average winter hourly precipitation accumulation (mm).
In spring (MAM), PH are more frequent in the northern portion of the region (Figure
3.7a). A north to south gradient exists from northern Tennessee to the Gulf Coast. Texas, again,
exhibits a large east to west gradient and Florida experiences below average PH frequencies
compared to the rest of the region. Accumulations in spring are highest across Mississippi,
central Arkansas, and western Tennessee (Figure 3.7b), where inflow from the GOM provides
moisture for passing fronts and storms. Precipitation totals decrease east and west of central
Mississippi, a gradient in the opposite direction of PH.
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The average duration of events in spring (Figure 3.7c) are similar to winter, with longer
durations found in the northern sector and shorter durations in Texas and Florida. The slightly
above average durations across Oklahoma and Arkansas are related to severe weather outbreaks
and mesoscale convective systems (Ashley et al. 2003), which impact those states in spring.
Average hourly accumulations (Figure 3.7d) resemble annual and winter patterns as well. The
Gulf Coast stations have higher hourly accumulations compared to the rest of the region.

Figure 3.7. Spring (MAM) precipitation characteristics, (A; top left) average precipitation hours,

(B; top right) precipitation accumulation (mm), (C; bottom left) average precipitation duration,
and (D; bottom right) average hourly precipitation accumulation (mm).
In summer (JJA), the Gulf and Atlantic coastal stations, as well as Florida, experience the
greatest PH (Figure 3.8a), coinciding with high accumulation (Figure 3.8b). This rainfall is
largely attributed to daytime convective storms that gather moisture from the nearby water
bodies and tend to be somewhat intense (Figure 3.8d). Across Florida, rising air along sea breeze
fronts also produces substantial rainfall (Kunkel et al. 2013). Average event durations (Figure
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3.8c) are not congruent with PH frequencies or accumulation. Stations along the Gulf Coast and
extending inland, which accumulate substantial rainfall, have short average durations. Compared
to all seasons, summer averaged the shortest event durations, but parts of Texas, Oklahoma, and
the Carolinas exhibit relatively longer average durations. The northerly stations are more
frequently affected by fronts in summer than locations farther south. Furthermore, Oklahoma
stations have higher durations related to mesoscale convective complexes, which are active in the
area in the summer (Ashley et al. 2003). Longer durations in Texas (Waco, Austin, and San
Antonio) are likely related to topography and onshore flow, causing air to rise and precipitation
to occur.

Figure 3.8. Summer (JJA) precipitation characteristics, (A; top left) summer average precipitation

hours, (B; top right) precipitation accumulation (mm), (C; bottom left) average precipitation
duration, and (D; bottom right) average hourly precipitation accumulation (mm).
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During fall (SON), PH are more frequent in eastern Tennessee and southwestern North
Carolina and a minimum exists in western Texas (Figure 3.9a). Accumulations are highest in
southern Florida and Louisiana (Figure 3.9b), related to tropical cyclones (Simpson and Riehl
1981; Nogueira et al. 2013). A large gradient exists in PH and accumulation across Texas and
Oklahoma linked to moisture availability and cyclogenesis. The average duration of events
resembles spring and winter (Figure 3.9c). Florida and much of the Gulf Coast have below
average durations, while Tennessee and the western Carolinas have above average durations.
Above average durations across Oklahoma and Arkansas are likely related to severe weather
(synoptic) events that occur in that general area during fall. Average hourly accumulations
(Figure 3.9d) are higher along the Gulf Coast, demonstrating yet again the intensity of events in
those areas.

Figure 3.9. Fall (SON) precipitation characteristics, (A; top left) average precipitation hours, (B;

top right) precipitation accumulation (mm), (C; bottom left) average precipitation duration, and
(D; bottom right) average hourly precipitation accumulation (mm).
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Table 3.1. Annual trend (parameter estimate) and correlation (r) for PH (column 3-4),
accumulation (5-6), intensity (mm per hour; 7-8), and duration (hours per event; 9-10).
Parameter estimates can be interpreted as the change per one-unit change in time (year). For
example, the parameter estimate for annual hours at CAE is -1.99, meaning per every one-unit
increase in year, the number of PH decreases by 1.99 on average. One asterisk (*) corresponds to
p-values significant at the 0.10 level, two asterisks (**) denotes significance at the 0.05 level,
and three asterisks (***) denotes significance at the 0.01 level.
PH
Station

State

Parameter
Est.

HSV
MGM
MOB
FSM
LIT
DAB
JAX
KEY
MIA
PBI
TLH
TPA
AGS
AHN
ATL
CSG
MC
SAV
BTR
LCH
MSY
SHV
JAN
MEI
CLT
GSO
HSE
ILM
RDU
OKC
TUL
CAE
CHS
GSP
BNA

AL
AL
AL
AR
AR
FL
FL
FL
FL
FL
FL
FL
GA
GA
GA
GA
GA
GA
LA
LA
LA
LA
MS
MS
NC
NC
NC
NC
NC
OK
OK
SC
SC
SC
TN

-0.71
-1.17**
-0.51
0.32
0.07
-0.42
-1.33**
-0.39
1.3***
0.53
-1.16**
0.54
-1.77***
-1.6**
-1.31**
-1.27**
-1.59**
-1.76***
0.15
0.76
-0.46
-0.07
-0.79
0.64
-1.23**
-0.73
0.35
-0.26
0.36
-0.26
-0.07
-1.99***
-1.54***
-1.65**
-0.54

r

-0.16
-0.28**
-0.11
0.07
0.02
-0.11
-0.31***
-0.12
0.32***
0.12
-0.27**
0.18
-0.36***
-0.3**
-0.26**
-0.27**
-0.33***
-0.44***
0.04
0.17
-0.1
-0.02
-0.19
0.15
-0.28**
-0.18
0.07
-0.07
0.09
-0.06
-0.02
-0.39***
-0.36***
-0.27**
-0.12

Accumulation

Intensity

Parameter
Est.

Parameter Est.

-2.02
-0.82
3.61
4.2**
1.35
0.27
-1.1
0.18
5.98***
-0.74
-6.6***
3.41*
-2.4*
-3.69*
-0.99
-2.89
0.21
-2.43
3.41
4.21*
2.38
3.45
0.88
0.25
-0.67
-0.14
2.62
2.56
3.07**
2.84*
-0.15
-4.27**
-0.44
-2.72
1.41

r

-0.14
-0.06
0.21
0.29**
0.09
0.02
-0.07
0.01
0.35***
-0.04
-0.35***
0.24*
-0.23*
-0.26*
-0.08
-0.18
0.02
-0.17
0.19
0.24*
0.12
0.2
0.05
0.02
-0.06
-0.01
0.16
0.2
0.31***
0.24*
-0.01
-0.3**
-0.03
-0.18
0.11

Table 3.1. Continued
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-0.0002
0.0056*
0.011***
0.0083***
0.0026
0.0046
0.007**
0.0063**
0.0039
-0.0057*
-0.0044
0.0051
0.0039*
0.0006
0.0039**
0.0009
0.008***
0.006*
0.0062**
0.0042
0.0087**
0.0083***
0.0075**
-0.0031
0.0034*
0.0034
0.0032
0.0059**
0.0047**
0.011***
0.0003
0.0012
0.0083***
0.0019
0.0047**

Duration
r

-0.02
0.25*
0.44***
0.35***
0.15
0.18
0.29**
0.21*
0.16
-0.24*
-0.18
0.18
0.22*
0.04
0.28**
0.05
0.48***
0.26*
0.26**
0.15
0.33***
0.36***
0.29**
-0.14
0.24*
0.16
0.17
0.26**
0.29**
0.42***
0.01
0.07
0.38***
0.14
0.31***

Parameter
Est.

-0.0081***
-0.0095***
-0.0025
-0.0042**
-0.005**
-0.0065***
-0.0021
-0.0017
-0.0024**
-0.0032***
-0.009***
-0.0021
-0.0133***
-0.0141***
-0.009***
-0.0133***
-0.0073***
-0.0044**
-0.0076***
-0.0085***
-0.0063***
-0.0056**
-0.0103***
-0.0131***
-0.0129***
-0.0102***
-0.009***
-0.0069***
-0.0074***
-0.0017
-0.0084***
-0.0156***
-0.009***
-0.0135***
-0.0121***

r

-0.39***
-0.37***
-0.16
-0.26**
-0.3**
-0.49***
-0.17
-0.16
-0.26**
-0.36***
-0.51***
-0.16
-0.54***
-0.65***
-0.56***
-0.65***
-0.41***
-0.29**
-0.46***
-0.45***
-0.39***
-0.29**
-0.58***
-0.54***
-0.7***
-0.55***
-0.47***
-0.46***
-0.44***
-0.09
-0.44***
-0.65***
-0.54***
-0.53***
-0.6***

PH
Station

State

Parameter
Est.

CHA
AAT
ABI
ACT
AMA
BRO
CRP
ELP
LBB
MAF
SAT
SJT
SPS
VCT

TN
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX

-1.34*
-0.01
-0.48
-0.09
-0.58
-0.33
-1.02*
-0.26
-0.3
-0.59
-0.62
-0.36
-0.21
0.21

Accumulation
r

-0.25*
0
-0.14
-0.02
-0.18
-0.1
-0.25*
-0.1
-0.09
-0.18
-0.12
-0.12
-0.06
0.04

Parameter
Est.

0.25
2.21
0.18
2.97*
-0.2
0.99
-0.24
0.72
-0.19
-0.55
1.62
1.63
-0.18
1.52

Intensity
r

0.02
0.16
0.02
0.25*
-0.03
0.1
-0.02
0.16
-0.02
-0.07
0.12
0.18
-0.02
0.08

Parameter Est.

0.0058***
0.0056*
0.0051*
0.0107***
0.003
0.0063*
0.0101**
0.0079***
0.0007
0.0029
0.0085***
0.0116***
0.0014
-0.0008

Duration
r

0.35***
0.22*
0.22*
0.47***
0.14
0.22*
0.31***
0.4***
0.03
0.13
0.36***
0.44***
0.06
-0.03

Parameter
Est.

-0.008***
-0.0037
-0.0069***
-0.0087***
-0.0085***
-0.0038**
-0.005**
-0.0078***
-0.0032
-0.0018
-0.0037*
-0.0067***
-0.0094***
-0.0086***

r

-0.36***
-0.21
-0.35***
-0.37***
-0.45***
-0.27**
-0.29**
-0.43***
-0.14
-0.08
-0.23*
-0.37***
-0.47***
-0.34***

3.5.3. Trends in Precipitation Hours and Totals
3.5.3.1. Annual Scale
Fourteen of the fifty stations had statistically significant (defined as a p-value ≤ 0.05) trends
in the annual frequency of PH (Figure 3.10a). Across South Carolina, Georgia, and Northern
Florida, thirteen stations exhibited significant decreasing trends (of roughly 1.2–2 hours per year;
Table 3.1), while two stations had decreasing trends with p-values between 0.05 ≤ p ≤ 0.10.
Annual accumulation trends showed a different pattern. Only five stations had significant trends,
of which three were increasing and two decreasing (Figure 3.10b). Another six stations had pvalues between 0.05 ≤ p ≤ 0.10 and four (two) showed increasing (decreasing) trends. Annual
accumulation trends lack a clear spatial pattern excluding the three stations with decreases in
Georgia and South Carolina, likely related to the decreases seen in annual precipitation hours.
The parameter estimates (change in variable per one unit change in year) and correlation
coefficients for each station for annual hours and annual accumulation can be seen in Table 3.1.
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Figure 3.10. Trends in precipitation hours (left-side) and accumulation (right-side) for annual
(top row), winter (second row), spring (third row), summer (fourth row), and fall (bottom row).
Large red arrows represent decreasing trends significant at the p. ≤ 0.05 level, smaller darker red
arrows represent decreasing trends at the 0.05 ≤ p. ≤ 0.10 level. Large light green arrows
represent increasing trends significant at the p. ≤ 0.05 level, smaller darker green arrows
represent increasing trends significant at the 0.05 ≤ p. ≤ 0.10 level.
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3.5.3.2 Seasonal Scale
In winter, PH significantly decreased across North Carolina, South Carolina, Georgia,
and northern Florida (Figure 3.10c). Seventeen stations in that sector and twenty-two stations
overall showed statistically significant decreases in PH. Parameter estimates for PH across
Georgia and the Carolinas are between -1.23 – -0.51, meaning PH have decreased on average by
0.51 to 1.23 hours per year since 1960. Winter totals (Figure 3.10d) do not reflect this change, as
only five stations in the entire region showed a significant decrease in precipitation
accumulation. This reveals a change in winter precipitation across that sector, where the
frequency of PH is decreasing but precipitation totals are not, favoring more intense winter
precipitation.
In spring, four stations had significant decreasing trends in PH and another five stations
had decreasing trends at the 0.05 ≤ p ≤ 0.10 level (Figure 3.10e). These stations were located
across Georgia and South Carolina and, generally, exhibited decreases in accumulation (Figure
3.10f). It is interesting that the decreases in PH during spring are accompanied by a decrease in
accumulation, whereas the stations that have decreasing PH in winter do not also exhibit a
decrease in accumulation. The decrease in annual PH in Georgia and South Carolina can be
attributed to a decrease in PH during winter and spring, but, the fact annual totals are not broadly
decreasing in this sector is unique, especially considering no other season showed increasing
totals in that area. This phenomenon could be related to changes in cold-air damming, which
peaks in activity during winter and spring and has a large influence on precipitation patterns at
stations near Appalachia (Bell and Bosart 1988; Rackley and Knox 2016), or snowfall which has
decreased in this general area in the past 50-years (Eck et al. 2019).
During summer, eight stations exhibited significant trends in PH (Figure 3.10g). Three
east coast stations had decreasing trends and stations across Louisiana, Mississippi, and southern
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Florida had increasing trends. Summer accumulations (Figure 3.10h) showed an almost identical
pattern as PH; however, stations in southern Louisiana and Mississippi saw spatially coherent
increases in PH. Finally, during fall, two stations showed significant increasing trends in PH
(Figure 3.10i) and another three station had increasing trends at the 0.05 ≤ p ≤ 0.10 level. These
stations were located across the coastal Carolinas. Similar to summer, fall totals closely
mimicked fall PH (Figure 3.10j).

Figure 3.11. Trends in hourly intensity (A; top left), average duration (B; top right;), average
hourly totals (C; bottom left), and frequency of hourly events above overall station specific
average hourly accumulation (D; bottom right). Large red arrows represent decreasing trends
significant at the p. ≤ 0.05 level, smaller darker red arrows represent decreasing trends at the 0.05
≤ p. ≤ 0.10 level. Large lighter green arrows represent increasing trends significant at the p. ≤
0.05 level, smaller darker green arrows represent increasing trends significant at the 0.05 ≤ p. ≤
0.10 level.
3.5.4 Trends in Intensity and Duration
Forty-four percent (22 of 50) of the stations exhibited significant increases in annual
hourly intensity (Figure 3.11a). Another seven stations had increasing trends at the 0.05 ≤ p. ≤
0.10 level. However, there does not appear to be a clear spatial pattern. This is in agreement with
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Powell and Keim (2015) that found a broad increase in daily intensity across the region,
providing evidence that precipitation events continue to become more intense. Observed trends
in intensity and parameter estimates can be seen in Table 3.1. Annual intensity (precipitation
accumulation divided by precipitation hours) increased for stations KMOB (Mobile, AL) and
KSJT (San Angelo, TX) by greater than 0.01 mm per hour per year and had correlation
coefficients (intensity versus year) of roughly r = 0.44. Trends in average hourly total (Figure
3.11c) show a similar pattern. Forty percent (20 of 50) of stations had significant increasing
trends and another seven stations had increases at the 0.05 ≤ p. ≤ 0.10 level. Most stations that
showed increases in annual hourly intensity also showed increases in hourly totals.
Unlike annual hourly intensity and average hourly totals, the frequency of hours with
totals above the station-specific average hourly accumulation did not show a broad increase as
expected (Figure 3.11d). Six stations had significant trends and five were decreasing, located
near South Carolina and Georgia, likely related to the decreasing precipitation hours found there.
The lack of a broad increase in the frequency of hours above the average hourly total reveals the
frequency distribution of hourly precipitation is not changing shape. In fact, it is likely the
heaviest hourly events are contributing more rainfall. For example, Brown et al. (2018) found on
average roughly half of the annual rainfall total at stations in Louisiana could be attributed to 44–
47 individual hourly events throughout the year. This means roughly 0.005% of the annual
hours, or the top 10% of hourly events are responsible for half of the annual accumulation.
Brown et al. (2018) also found the frequency of 90th percentile hourly events increased at three
of four stations in Louisiana, but this phenomenon seems unique to Louisiana. Across the region,
only seven stations had significant trends in the frequency of 90th percentile events; six
increasing and one decreasing. Another five stations had increasing trends significant at the 0.05
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≤ p ≤ 0.10 level. These results show the change in intensity of hourly precipitation found across
the region is not solely attributed to more frequent heavy hourly events.
Trends in average event duration revealed eighty-two percent (41 of 50) of the stations
experienced a statistically significant decrease in event duration (Figure 3.11b). One other station
(KSAT) had a decreasing trend significant at the 0.05 ≤ p ≤ 0.10 level. The other eight stations,
while not significant, had decreasing trends as well. The significant decreasing trend present at
Charlotte Douglas International Airport, NC, (KCLT) is a good representation of what is
occurring at most stations (Figure 3.12a). Arguments can be made that precipitation
measurements have vastly improved, leading to the quantification of more one hour events,
which would lower the overall average duration. This systematic error is conceivable, but the
fact that only one stations across the region exhibited a significant increasing trend in annual PH
demonstrates that gauges are not recording more hours with precipitation. If some type of
systematic error or bias did exist due to gauge replacement or improvement, the strength and
consistency of the trend, which is apparent at 82% of the stations in the region, would likely be
highly variable and station specific. The residuals from the regression (Figure 3.12b) show no
pattern and uncorrelated errors. Further investigation of the decrease in average annual duration
is needed before systematic or human induced errors can be completely ruled out.
Decreasing trends in duration could be related to the denominator when calculating
average annual durations; the frequency of individual precipitation events. If the number of
events in a year increases while PH is held constant, the annual average duration will decrease.
For example, if the frequency of hourly traces within precipitation events increases temporally in
station time series then precipitation events will be increasingly fragmented, thus artificially
increasing the number of precipitation events and lowering durations. To investigate this possible
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bias, correlation was conducted on the frequency of individual precipitation events and time
(year; n = 58, df = 56) for each station. Results showed 14 stations had significant (p ≤ 0.05)
correlations, of which 12 were positive (increasing) and 2 were negative (decreasing). Another
three stations showed positive correlations significant at 0.05 ≤ p ≤ 0.10. This demonstrates that
at least part, but not all, of the overall decrease in duration can be attributed to increasing events
through time.

Figure 3.12. Regression results for the average annual duration of precipitation events at

Charlotte Douglas International Airport, North Carolina (A; top), and residuals from the
regression (B; bottom). The residuals show no apparent systematic bias.
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Although many trends were significant, it is important to discuss potential limitations. It
is possible that slight (non-significant) increases in annual totals, which are likely driving the
change in annual intensity, is related to better measurement processes; however, no evidence for
this was found when viewing residuals. Gauges at first-order stations are updated or replaced
periodically; however, the National Weather Service professionally manages these stations and
control for systematic biases. This possible bias and other known biases in precipitation
measurement (see Legates and DeLiberty 1993; Groisman and Legates 1994) is why PH were
used, because PH are binary, it is either raining or it is not. Using the frequency of PH and
determining trends is likely a less biased approach compared to using accumulations alone. It is
also important to understand it is possible that the selected study period is a time of increasing
precipitation amount or intensity, imbedded within a larger sinusoidal system with natural
upward and downward movements. Nonetheless the spatial coherence and broad agreement in
trend directions adds confidence to the results presented.
3.6. Key Findings and Conclusions
Precipitation totals only describe a small portion of the precipitation climatology of the
SeUS. This study has shown that PH, durations, and intensity vary just as much as accumulation
across the region. For example, across Louisiana, the wettest state in the conterminous U.S
(Faiers et al. 1994), roughly 5% of the annual hours have precipitation, while parts of eastern
Tennessee, western North Carolina, and Northern Georgia experience close to 7%. It was also
found that the frequency of hourly 25.4 mm (1 in.) or greater events is largely confined the Gulf
Coast and decreases inland. In all seasons, average hourly totals were highest near the Gulf Coast
and Florida, while average durations tended to be below average, further highlighting the
intensity of hourly rainfall across this area. Average durations and PH tended to be highest in the
74

northeastern sector of the region in all seasons, but accumulations tended to be lower excluding
mountainous locations with orographically forced precipitation.
Regression tests revealed only 5 stations had significant changes in annual accumulation
through time (three increasing and two decreasing). PH showed a different pattern. Thirteen
stations, mostly across Georgia, South Carolina and northern Florida, had significant decreases
in annual hours with precipitation. The annual decrease in PH at these locations was attributed to
decreases in PH during winter and spring. The decrease in PH during spring was accompanied by
a decrease in precipitation totals but winter totals did not decrease broadly like PH at these
locations. In summer, eight stations showed significant changes in accumulation, four increasing
and four decreasing. PH followed a similar pattern during summer.
This study also highlighted the increasing intensity and decreasing duration of
precipitation across the region. Increases in intensity were found across the entire region and
occurred at 44% of the stations, suggesting that hourly rainfall is becoming more intense. At the
same time, the duration of rainfall events was found to be decreasing at 82% of the stations.
These findings are in general agreement with previous research, which describe a changing
character of precipitation, favoring more intense events (Trenberth et al. 2003, Powell and Keim
2015, USGCRP 2017). However, it does not appear that heavy hourly events are increasing
broadly across the region like intensity. Rather, it appears that average hourly accumulations are
increasing (producing more rainfall).
Steady moderate rainfall tends to soak into the ground and provide a benefit for plants
and soils; however, the same rainfall amount in a short period may cause flooding and exacerbate
runoff that leaves soils much drier (Trenberth 2011). Heavy and extreme hourly precipitation
events are also associated with flash flooding, which often does not get reported (Brooks and
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Stensrud 2000). If precipitation events continue to decrease in duration and become heavier on
average, and current projections anticipate an altered frequency and intensity of weather
extremes (Trenberth 2011; IPCC 2014; USGCRP 2017), thought will need to be given to urban
sprawl and the conversion of natural areas to impervious surfaces. If more areas become
urbanized while hourly precipitation events become on average heavier and shorter in duration,
more rainfall will runoff, which will have implications for water quality, the subsurface water
table, and flooding. To better manage and adapt to expected changes in the water cycle requires
dependable predictions that must be grounded in the changes already observed (Hegerl et al.
2015). Precipitation changes are one of the most important potential outcomes of a warming
climate because of how integral it is to society and ecosystems (USGCRP 2017).
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Chapter 4. El Niño-Southern Oscillation Impacts on Hourly Precipitation
Across the Southeastern United States
4.1. Introduction
Relationships between large-scale climate oscillations and precipitation patterns have
been studied since the pioneering work of Walker (1923), with a large volume focusing on the El
Niño-Southern Oscillation (ENSO) (Douglas and Englehart 1981; Rasmusson and Wallace 1983;
Kousky et al. 1984; Ropelewski and Halpert 1986; Ropelewski and Halpert 1987; Hoell et al.
2016; and many more). ENSO has proven to be the most important determinant of interannual
variability in global precipitation (Dai et al. 1997; Dai and Wigley 2000), explaining roughly
38% of interannual variance in globally averaged land precipitation (New et al. 2001), and can
be detected at regional scales (Douglas and Englehart 1981, Ropelewski and Halpert 1986).
Local geography dictates local precipitation characteristics; however, any mechanism that
influences spatiotemporal rainfall patterns becomes critical in understanding and estimating
precipitation variability through time. In the past century, impacts from environmental hazards
relating to precipitation, such as floods and droughts, have gained much attention; particularly
because they are two of the most destructive hazards in the United States (Woodhouse and
Overpeck 1998, Pielke and Downton 2000).
In the United States, the warm (El Niño) and cool (La Niña) phases of ENSO effect
temperature and precipitation patterns, particularly along the Gulf Coast, Mid-High Plains, and
Mid-Atlantic during winter (Ropelewski and Halpert 1986). These events set in motion shifts in
convection and latent heat exchanges that alter the position and strength of some atmospheric
circulation features, such as the Pacific Jet Stream (Cook and Schaefer 2008). In general, El Niño
(La Niña) events encourage wetter (drier) winters (Douglas and Englehart 1981, Ropelewski and
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Halpert 1986) in the Southeast United States (hereafter SeUS). A general depiction of this
relationship can be seen in Figure 4.1 from the National Oceanic and Atmospheric
Administration (NOAA 2019). Winter El Niño events cause split flow in the jet that provides
dynamic support for the uplift of moisture along the Gulf Coast (Smith et al. 1998). This results
in increased cyclogenesis in the Gulf of Mexico, accompanied by established low latitude flow
across the SeUS, enhancing precipitation over the region (Douglas and Englehart 1981; Hsu
1993; Henderson and Vega 1996). Henderson and Vega (1996) found significant correlations
between ENSO phase and winter precipitation across parts of the SeUS and discussed how large
amounts of energy and moisture are added to the mid-latitude westerlies during these events.
This energy is transported by an anomalously strong Hadley circulation and through the
subtropical jet stream (Philander 1990), thereby causing precipitation anomalies.

Figure 4.1. Average Pacific Jet Stream location during winter for El Niño (top) and La Niña
(bottom) and associated weather conditions. Graphic from the Climate Prediction Center found
at https://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensocycle/nawinter.shtml
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It is well understood that ENSO effects winter precipitation accumulation across the
SeUS (Ropelewski and Halpert 1986; Henderson and Vega 1996) (Figure 4.2); however, it is not
clear how precipitation characteristics, such as the frequency, intensity, and duration of events
are influenced. For example, during the La Niña phase of ENSO in winter, the SeUS tends to
accumulate less precipitation on average (Figures 4.1 and 4.2). This knowledge is useful,
particularly for statistical forecasting and agricultural management (Hansen et al. 1998), but it
does not provide information on precipitation characteristics. In fact, Legler et al. (1999)
discussed how seasonal precipitation forecasts might be beneficial for agricultural applications,
but only if details were provided regarding not only totals, but changes in a comprehensive suite
of precipitation characteristics. Accumulations represent an aggregation of precipitation
parameters and are frequently confined to the daily, monthly, seasonal, or annual scale because
most precipitation data are recorded once daily (Zolina et al. 2010; Zolina et al. 2013; Trenberth
et al. 2017). Daily data are critical to our understanding of precipitation, but the intermittent
nature of precipitation highlights the need to quantify other characteristics such as frequency,
intensity, and duration, which do not operate at the daily scale (Trenberth and Zhang 2018).

Figure 4.2. DJF El Niño (left) and La Niña (right) composite precipitation anomalies 1950–
2018. Graphic is from the Climate Prediction Center found at:
https://www.cpc.ncep.noaa.gov/products/precip/CWlink/ENSO/composites/EC_ENP_index.sht
ml
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As such, the goal of this research is to examine hourly precipitation data to better
understand ENSO’s influence on winter precipitation characteristics across the SeUS. In
particular, this research focuses on the frequency of precipitation hours, individual events,
duration of events, and intensity; and will be guided by three main questions.
1. Do the frequency of precipitation hours and/or events change during certain phases of
ENSO?
2. Does ENSO phase influence the average duration of precipitation events?
3.

How do ENSO events influence precipitation intensity?

4.2. Study Region
Composed of eleven states—Alabama, Arkansas, Florida, Georgia, Louisiana,
Mississippi, North Carolina, Oklahoma, South Carolina, Tennessee, and Texas—the SeUS
(Figure 4.3) is largely classified as humid subtropical, but seasonal and annual distributions of
precipitation vary substantially.

Figure 4.3. Eleven state region delineated as the southeastern United States for this study. Blue
dots represent the location of first-order weather stations (54 total).
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During winter (DJF), most of the region receives approximately 275–420 mm (10.8–16.5
in.) of precipitation, excluding parts of western Texas/Oklahoma and southern Florida (Figure
4.4). For example, El Paso, TX only averages 38 mm (1.5 in.) of precipitation per winter season.
A large east to west gradient is found across Texas and a north to south gradient is prevalent in
Florida. Southern Florida, which accumulates similar totals as central Texas, is shielded from
frontal events due to a climatological shift in storm tracks that generally moves storms to the
north and west of Florida (Klein 1957, Whittaker and Horn 1984). A broad accumulation
maximum is found across central Louisiana and southwestern Mississippi, where totals often
exceed 400 mm (15.7 in.); however, high elevation locations along the Tennessee/North Carolina
border can receive upwards of 600 mm (23.6 in.) in a season. With regard to snowfall, the
northern tier of the region averages 127–635 mm (5–25 in.), excluding high elevation areas in
Appalachia, which can accumulate up to 2540 mm (100 in.) per season (Kunkel et al. 2013). The
southern half of the region experiences little snowfall per season and can go several years
without recording any measurable amount (Kunkel et al. 2013).

Figure 4.4. Average DJF precipitation accumulation (mm) for the conterminous United States.
Copyright © 2019, PRISM Climate Group, Oregon State University, http://prism.oregonstate.edu
Map created 2014.
Figure credit: National Center for Atmospheric Research, climatedataguide.ucar.edu
(D.Schneider).
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Figure 4.5. Winter (DJF) precipitation characteristics, average precipitation hours (A; top left),

precipitation accumulation (mm) (B; top right), average precipitation duration (C; bottom left),
and average winter hourly precipitation accumulation (mm) (D; bottom right). Figure from
Brown et al. (in review).
A maximum in precipitation hours is located across Tennessee and along the Appalachian
Mountains (Figure 4.5a; Brown et al. in review), likely because of slow-moving frontal events,
orographic uplift, and cold air damming events in this immediate region (Bell and Bosart 1988;
Rackley and Knox 2016). Average precipitation event durations, defined as the number of hours
with uninterrupted continuous rainfall, are also highest in this area (Figure 4.5c) and are roughly
double the length of events that transpire across southern Florida. However, the highest
precipitation totals are located in central Louisiana and Mississippi (Figures 4.4 and 4.5b),
demonstrating that precipitation tends to be more intense across Louisiana and Mississippi
compared to eastern Tennessee and southwest North Carolina. Average hourly accumulations,
defined as the mean of all hourly observations with precipitation ≥ 0.254 mm, further highlight
the disparity in intensity over these states (Figure 4.5d). The Gulf Coast, excluding Texas,

88

experience above average hourly accumulations during precipitation hours compared to the rest
of the region. Recent research conducted by Brown et al. (in review) found that the frequency of
winter precipitation hours decreased across the Carolinas and northern Georgia since 1960;
however, the decrease in hours was not associated with a broad decrease in winter accumulation.
This reveals a possible change in winter precipitation across that sector of the region, favoring
more intense events.
4.3. Data
Data for this research come from 54 first-order weather stations (Figure 4.3) maintained
by the National Centers for Environmental Information (NCEI) within the Hourly Precipitation
Database (HPD). The HPD provides time-sequenced hourly precipitation amounts for a network
of over 7000 reporting stations primarily located in the United States (NOAA 2016). The HPD is
available on a station-by-station basis and returns all hours with recorded precipitation, including
traces, in local standard time. Only first-order weather stations, which provide reliable, quality
controlled, hourly observations at long temporal scales, were selected for this analysis.
Following methods from Brown et al. (2018) and Brown et al. (in review), precipitation
time series were created for each station. Initially, the year 1951 was selected as the start date for
the time series because a large number of first-order stations across the region and United States
were moved to airports near that time. By 1950, a majority of the stations were operational, thus
providing a uniform starting point; however, some stations have gaps early in the record. To
provide a large enough sample size, any first-order weather station with continuous hourly
precipitation data starting in 1960 were included. The station time series have varying starting
years (1951–1960), with the largest difference between time series being nine years. This would
be an issue if temporal trends were investigated (i.e. different periods of record) but in this study
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trends through time are not of interest, only the effect of independent variable on the
precipitation characteristics.
To ensure the data were reliable, hourly observations for each station were summed by
year to attain an annual total, which was compared to the Local Climatological Data (LCD)
publication reported annual precipitation total from daily observations. In most cases,
precipitation totals from hourly and daily data agree; however, they may disagree for a number
of reasons, including under catchment by automated hourly stations or missing hourly data. One
requirement of this study is a continuous time series for each station where the hourly
observations of each year sum to within ± 10% of the reported LCD annual precipitation total
from daily data (Brown et al. 2018; Brown et al. in review) It is known that in the HPD some
stations do not meet the 10% requirement for certain years. To avoid sacrificing the entire
station’s dataset because of a few missing observations, two other data sources were used, the
Midwestern Regional Climate Center (MRCC) and the Iowa Environmental Mesonet (IEM).
The first supplementary dataset is the MRCC’s hourly precipitation database. This
database also reports hourly precipitation in local standard time. Hourly rainfall totals from the
MRCC database are usually the same as the HPD but sometimes contain observations that are
not present in the HPD. The MRCC data helped add observations to years when the HPD data
did not meet the 90% requirement. Brown et al. (2018) found that when using the MRCC’s data,
a majority of the years that did not meet the 90% requirement using the HPD alone can be
supplemented making them able to meet the 90% requirement; however, the MRCC’s data are
very similar to the HPD. Often if data are missing in the HPD, it is also missing in the MRCC
data.

90

In an effort to attain the 90% threshold, a second supplementary data source was used the IEM raw METAR data. Hourly precipitation totals from METAR are reported at varying
times, often at the 53-minutes past the hour and can also contain other special observations,
which can lead to differing hourly totals (between RAW METAR and final HPD) during
precipitation hours without careful analysis. In some cases, especially during heavy rainfall, the
hourly reported IEM data differ from both MRCC and HPD data by a few millimeters. Differing
annual totals between the NCEI LCD annual and monthly reports and summed hourly data can
often be attributed to a few individual months, or just a few days within a given year (i.e., a
severe weather event). Therefore, individual months or days where HPD or MRCC data are
clearly missing or lacking were replaced with IEM METAR data. This was done manually on a
station-by-station basis by identifying time periods (first months then days) in which HPD or
MRCC hourly data differed from the LCD daily reports. The IEM data were only used for years
in which the annual precipitation totals from the other two hourly sources were below 90% of the
annual totals based on daily data. Within these years, the IEM data were only substituted for the
specific months where precipitation totals from the hourly data were below 90% of the totals
from daily data. For example, if the June 1990 LCD from daily data recorded 254 mm (10 in.) of
precipitation but the HPD hourly data only summed to 203 mm (8 in.) (80%) then the day(s) in
which the missing amounts occurred would be replaced with IEM data. This was easily
identifiable using the LCD daily reports.
The differing time collection method used in the IEM and its automated nature introduces
slight biases (i.e., under-catchment, tipping bucket issues, systematic errors, etc.) but enabled the
construction of a continuous hourly precipitation time series where all years’ capture at least
90% of the edited annual LCD report values. It is important to note that most years at each
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station using the HPD alone contained at least 95% of the annual precipitation total. Also of
importance is the treatment of trace values. Trace values represent a wet gauge, but no
measureable accumulation, and were removed from this analysis.
4.3.1. Limitations of Data
Point source precipitation data are not equivalent to “true” precipitation, which represents
the exact, yet unknown, quantity of precipitation that fell at a location. As such, point source
precipitation data may have biases that limit the ability to detect changes to the hydrologic cycle
(Groisman and Legates 1994). For example, the probability that a particular gauge captures the
exact amount of precipitation produced by an event is extraordinarily low. Gauge measurements
often underestimate true precipitation, mainly because of wind turbulence at the gauge orifice
and wetting loss on the inside walls of the gauge (Groisman and Legates 1994). The catch of
gauges decreases as wind speeds increase and errors are larger with snow (Legates and Deliberty
1993). While a majority of the region does not experience frequent snow events (Kunkel et al.
2013), it is still a bias in some of the data. Legates and Deliberty (1993) estimated the average
bias in gauge measurements across the United States is roughly 9%, with higher biases found in
locations that receive frequent snow and reside at high elevations due to less friction (higher
winds). However, Legates and Deliberty (1993) found stations in the SeUS tend to have the
lowest bias compared to other regions, with an average bias of less than 8%.
Periodic relocation of stations can induce discontinuities in precipitation time series.
Keim et al. (2003 and 2005) investigated relocation bias and its impact on temperature and
precipitation measurements and stated that changing elevations of sites impacts the time series
data. When a gauge is relocated, it is likely the nearby vegetation, proximity to buildings, or
elevation will change, thus influencing wind characteristics, which can affect gauge catchment
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(Eischeid et al. 1991). It is also important to understand that the gauges themselves are
periodically replaced or upgraded, possibly inducing systematic biases. Nonetheless, the
National Weather Service (NWS) maintains strict quality control standards for gauges. The NWS
requires that stations not be moved more than 8-km (5-mi.), nor change elevation roughly +/- 30
m (100 ft.), to be considered compatible with the original station location. This ensures that
precipitation measurements are as reliable and consistent as possible (National Weather Service
2012).
Issues regarding the accuracy of gauge measurements are a problem in any analysis and
although no dataset is perfect, the HPD is one of the more reliable sources of hourly precipitation
(Brooks and Stensrud 2000). As stated above, the likelihood a gauge captures the true
precipitation total of an event is extremely low. To avoid this bias, this analysis incorporated
precipitation hours, which are binary, meaning it is either raining or not. It is likely precipitation
hours have less biases when compared to precipitation totals.
4.3.2 ENSO Data
The Oceanic Niño Index (ONI), maintained by the Climate Prediction Center (CPC 2019)
was used to quantify ENSO events. ONI values represent the three-month running mean of
ERSST.v5 sea surface temperatures (SST) anomalies in the Niño 3.4 region (5oN-5oS, 120o170oW) based on a centered 30-year base period that updates every five years (CPC 2019).
Annual DJF ONI values were collected from 1950/1951–2016/2017. For example, the first ONI
value used was -0.82, which represents a moderate La Niña event during December 1950–
February 1951. Rather than using a qualitative classification to represent ENSO events (i.e.
strong El Niño or moderate La Niña), ONI values were left in their quantitative (continuous)
form for use in regression.
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4.4. Methods
Hourly precipitation data were used to create time series of precipitation characteristics
for each winter season. Regression, which is widely used in precipitation research (Kunkel et al.
1999; Groisman et al. 2012; Skeeter et al. 2019; etc.) was applied to the created time series to
determine if winter ONI values have an effect on precipitation characteristics at each station. It
was assumed interannual winter ONI values were not correlated, meaning a winter’s ONI value
had no influence on the next winter’s ONI. It was also assumed the ONI values (independent
variable; x-axis) were measured without error, which may be somewhat unsound considering
observational biases present in SST measurements, especially early in the record (Kaplan et al.
2003, Huang et al. 2015). There was also no trend or correlation between ONI and time (year)
from 1951–2017 or 1960–2017.
The residuals for each station’s time series were tested for normality, an assumption of
regression (Montgomery and Peck 1982), using the Shapiro-Wilk test (Shapiro and Wilk 1965).
Residuals for some of the times series were not normally distributed and exhibited p. ≤ 0.05
level; however, small deviations from normality do not largely affect the regression model, as it
is robust when errors in normality are present (Montgomery and Peck 1982). Further evaluation
using Normal Q-Q, Residual vs Fitted, and Scale-Location plots revealed approximate normality
and added confidence to the regression tests performed. An example of one regression equation
is as follows:
(winter intensity) = b0 + b1 (ONI)
There are many different ways to quantify ENSO events, such as using a threshold of +/0.5oC for the 3-month running mean sea surface temperature anomaly and requiring a minimum
of 5 consecutive overlapping seasons (see Trenberth 1997). However, in this study, only one
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annual DJF season was used. Therefore, any DJF value at or above +0.5 o C was labeled as an El
Niño event and any value at or below -0.5 o C was labeled a La Niña event. This may be an
imperfect way to quantify ENSO because one DJF value above or below the 0.5oC threshold
does not constitute a coupled ocean-atmosphere or ENSO event; however, ENSO events tend to
peak in intensity during DJF (Trenberth 1997; Capotondi et al. 2015) and of the 67 annual DJF
ONI values used, only four were not associated with an ENSO event that met the threshold
asserted by Trenberth (1997). Using this delineation, there were a total of 24 El Niño and 23 La
Niña events. There were also 20 so-called “neutral” events but their precipitation characteristics
were not investigated.
4.4.1 Kriging and Natural Break Classification
To visualize the spatial patterns in precipitation characteristics during ENSO events,
spatial interpolation via ordinary kriging with natural break classification in ArcGIS 10.5 was
used. Interpolation was implemented because of the sparseness of reliable, long-term hourly data
at first-order stations. The eleven state region covers roughly 2,066,712 km2 (797,962 mi2). If the
stations were equally spaced, there would be one station for every 38,272 km2 (14,777 mi2), one
clear limitation of this analysis. Kriging is a geostatistical technique for optimal spatial
estimation (Waller and Gotway 2004; Ozturk and Kilic 2016) that uses the statistical properties
of the stations precipitation characteristics to interpolate between points. Specifically, it
quantifies the spatial autocorrelation of the station points and accounts for the configuration of
the points around the estimated location(s) (Matthews 2002; Ozturk and Kilic 2016). The
distance between stations is assumed to reflect spatial correlation that can be used to explain
variation in the estimated surface (Oliver and Webster 1990). One limitation of this approach in
addition to the distances between points is topography, which is not accounted for and can lead
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to over simplification of local precipitation characteristics. For more information on kriging see
Matthews (2002), Waller and Gotway (2004), Ozturk and Kilic 2016). There is confidence that
the interpolation method accurately describes the general pattern of precipitation characteristics
across the region. Comparing Figure 4.4, a high-resolution precipitation accumulation product,
and Figure 4.5a shows that the kriging resolves the general pattern of precipitation accumulation,
which can be extrapolated to the other characteristics (i.e. if it resolves accumulation well it also
resolves precipitation hour, intensity, duration, and events).
Natural Breaks (Jenks) were used to classify the categories for each precipitation
characteristic during El Niño and La Niña events. The natural breaks method classifies data into
separate “bins” based on breaks or naturally occurring gaps in the data (Jiang 2013). This
optimization minimizes within-class variance and maximizes between class variations
simultaneously (Jenks 1967) and is known as the goodness-of-variance fit method (Jiang 2013).
This approach is widely used in statistical mapping (see Chen et al. 2013 and Jiang 2013). For
more information on natural breaks see Jenks (1967).
4.5. Analysis and Results
4.5.1. Hours and Accumulation
Time series of precipitation hours were created for each station to determine if ENSO
phase affects the frequency of precipitation hours. This was accomplished by summing the
number of hourly observations (where precipitation ≥ 0.254 mm) in each winter season for each
station. ONI was a significant (defined as p. ≤ 0.05) regressor for precipitation hours at 83%
(45/54) of the stations across the region (Figure 4.6a), while three addition stations were
significant at the 0.05 ≤ p. ≤ 0.10 level. In each regression, a positive association was observed.
No station exhibited a negative relationship between ONI and precipitation hours. Only six
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stations showed no relationship and were not correlated with ONI, located across Tennessee and
northern Alabama. This demonstrates that as winter SST in the equatorial Pacific warm, or as El
Niño strengthens, more hours with precipitation tend to occur across the SeUS.

Figure 4.6. Significance of ONI and DJF precipitation hours (A), accumulation (B), duration (C),
frequency of events (D), and intensity (E). Large darker green arrows represent a positive association
(increasing) significant at the p ≤ 0.05 level, smaller lighter green arrows represent a positive
association (increasing) significant at the 0.05 ≤ p ≤ 0.10 level. A positive associate indicates an
increased frequency of precipitation hours, or duration, etc. when ONI values increase or become El
Niño. Large darker red arrows represent a negative association (decreasing) significant at the p ≤
0.05 level. Negative associations were only found in the intensity time series.
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An example of this relationship can be seen in Figure 4.7a, the regression performed for
New Orleans, Louisiana (KMSY), with precipitation hours on the y-axis and ONI on the x-axis.
The parameter estimate for ONI at KMSY was 24.36 (Table 4.1), meaning that per one unit
change in ONI, precipitation hours change by 24.36. For example, the mean response of a strong
DJF El Niño event with an ONI of 2.5 would yield approximately 61 more precipitation hours
compared to a neutral event with an ONI of 0. All stations in Texas showed a statistically
significant positive association, demonstrating that the additional moisture transported from El
Niño events (Philander 1990) plays a large role in winter precipitation for the state. Parameter
estimates for ONI across Texas ranged from 9.17 (KAMA) to as high as 24.91 (KSAT) (Table
4.1.)

Figure 4.7. Regression plots for New Orleans International Airport, LA (KMSY). ONI was a
significant regressor for precipitation hours (A; top left), accumulation (B; top right),
precipitation event frequency (C; bottom left), and duration of events (D; bottom right). This
positive association is typical for most parameters at most stations.
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Figure 4.8. Average precipitation hours during the 24 El Niño (A; top) and 23 La Niña events
(B; middle). The difference between El Niño and La Niña precipitation hours (C; bottom),
calculated by subtracting La Niña event hours from El Niño event hours (El Niño – La Niña). All
locations on average experienced more precipitation hours during El Niño events, with the
biggest disparity along the Gulf Coast.
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Figure 4.8 shows the average number of precipitation hours during the 24 El Niño
(Figure 4.8a; top) and 23 La Niña (Figure 4.8b; middle) events. The distribution of hours across
the region is similar, with more hours in the northeastern sector and a minimum across western
Texas and Florida (similar to climatology, see Figure 4.5a); however, subtracting average
precipitation hours during La Niña events from average precipitation hours during El Niño
events (i.e. El Niño – La Niña) reveals true differences (Figure 4.8c; bottom). Modest and nonsignificant increases in precipitation hours are noted in the northern half of the region during El
Niño. In contrast, stations along the Gulf Coast and into Florida and coastal Georgia experience
an increase that ranges from roughly 36–54 hours. This indicates that during El Niño events,
these coastal locations experience upwards of 36 more hours with precipitation on average
(representing an increase of roughly 35–50% in rainy hours compared to the La Niña average).
It is well known that El Niño and La Niña events lead to differences in precipitation
accumulation (Figure 4.2). Accumulation time series were created for each station by summing
DJF precipitation totals from hourly observations. ONI was a significant regressor for
accumulation at 76% (41/54) of the stations (Figure 4.6b), meaning that El Niño led to increased
precipitation accumulation (see Figure 4.7b). One other station showed a positive association
significant at the 0.05 ≤ p. ≤ 0.10 and twelve stations has no association. The stations where ONI
was not a significant regressor for winter accumulation were located in the central portion of the
region, between roughly 96°-83°W (eastern Oklahoma to eastern Tennessee) and extent from
32°-36°N (northern Louisiana to the northern extent of the region).
A majority of winter precipitation in the SeUS, particularly along the Gulf Coast, is
produced by cyclogenesis and frontal events (Muller and Willis 1983; Whittaker and Horn 1983;
McCabe and Muller 2002). Since Gulf of Mexico cyclogenesis is enhanced during El Niño
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events (Douglas and Englehart 1981; Henderson and Vega 1996), it is not surprising that a
majority of the stations experience more precipitation hours (and accumulation) during El Niño
events compared to La Niña. In fact, Hardy and Hsu (1997) determined that strong extratropical
cyclogenesis over the Gulf of Mexico is more frequent during El Niño events as compared to La
Niña events. Further, the storm track is displaced further south during El Niño events (McCabe
and Muller 2002). This enhances the frequency of frontal overrunning, a situation where fronts
become quasi-stationary along the Gulf Coast or western Gulf of Mexico and produce thick
clouds and precipitation over coastal locations (McCabe and Muller 2002).
4.5.2. Duration
Time series of average event duration per winter season were created for each station.
While the occurrence of measured precipitation within an hour does not guarantee continuous
precipitation during that hour or that a single event occurred, but it is impossible to separate
those events when using hourly data (Robinson and Henderson 1992). For climatological
applications, the use of a consistent separation interval to delineate events is important (Thorp
and Scott 1982; Robinson and Henderson 1992). In this study, if measurable precipitation was
recorded it was labeled as an event, with the length of the event dependent on the number of
consecutive hours of measurable precipitation. In each winter season, for each station, the
average duration of events was calculated by determining each individual events duration,
summing these, and dividing by the overall number of individual events in that winter season to
determine if event durations change during different phases of ENSO. It is important to note that
one-hour events were included in this analysis.
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Figure 4.9. Average precipitation event duration during the 24 El Niño (A; top) and 23 La Niña
events (B; middle). The difference between El Niño and La Niña event duration (C; bottom),
calculated by subtracting average La Niña event durations from average El Niño event durations
(El Niño duration – La Niña duration). The largest change in duration occurred from southern
Louisiana, extending northeastward, to North Carolina.
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Forty-six stations (85%) showed a positive statistically significant association between
ONI and duration (Figure 4.6c), of which all were significant at the p. ≤ 0.05 level. Only 8
stations showed no association, mostly in the northern sector of the region. No station had a
significant negative association. This demonstrates that El Niño events favor longer duration
precipitation events for a large portion of the region.
Figure 4.9 shows the average duration of precipitation events during El Niño (Figure
4.9a; top) and La Niña (Figure 4.9b; middle) events. Like precipitation hours, the distribution is
similar, with longer durations in the northern half of the region and a maximum in the northeast
sector. Subtracting the average duration during El Niño and La Niña events revealed an
interesting pattern (Figure 4.9c; bottom). On average, stations experience more continuous
precipitation hours (longer duration) during El Niño events. The largest difference in duration
extends in a band from New Orleans, LA to North Carolina, where stations experience durations
that are on average 0.55–0.70 hours longer (or roughly 33–42 minutes). It is important to
remember that precipitation hours and duration are measured in whole numbers and that an extra
33–42 minutes per event represents a substantial increase in average duration.
4.5.2. Events
Time series of the number of individual precipitation events per winter season were
created for each station. An event was defined as any hour with precipitation (> 0.254 mm) with
its duration dependent on the number of consecutive hours with precipitation. For example, if
precipitation occurred from 7–9UTC at a station, a single event lasting three hours was recorded.
However, this approach has limitations, particularly regarding trace amounts or breaks in rainfall
within the same synoptic event. If a gauge recorded measurable rainfall at 7UTC then a trace at
8UTC and then a measurable amount at 9UTC, it would be recorded as two separate one-hour
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events. It is likely a single synoptic event produced the precipitation, but the nature of hourly
data does not allow for such a simple interpretation and it is plausible that some one-hour breaks
in precipitation actually represent two differing synoptic situations (Robinson and Henderson
1992). While this method may lead to an overestimation of events, it was applied consistently to
all stations during all years. A benefit of this approach was that it allowed for events to extend
across the bounds of a 24-hour day. Therefore, each station had a unique time series of the
number of events per winter season, created by summing the number of individual events in each
winter season, which are delineated by at least one dry hour between them.
The number of individual precipitation events was significantly associated with ENSO at
50% (27/54) of the stations (Figure 4.6d), similar to results for precipitation hours, accumulation,
and duration. Three additional stations were significant at the 0.05 ≤ p ≤ 0.10 (all positive
associations) while twenty-four stations had no association between ONI and the number of
individual precipitation events. These non-significant stations were located largely north of 32°
and east of 96°W. Most of the stations with positive associations were coastal, with the exception
of interior locations in Texas. In fact, every coastal station from Brownsville, TX to Charleston,
SC showed a positive association.
Interior stations located across Mississippi, Alabama, Georgia, South Carolina, and North
Carolina showed a positive association with ONI and precipitation hours, but not individual
events. Figure 4.5a shows the climatology of precipitation hours for the entire region in winter. It
is known that Florida, and to a certain extent coastal Georgia and South Carolina, miss many
storms because of a climatological shift in storm track during winter (Klein 1957, Whittaker and
Horn 1983). El Niño events bring more events to the Gulf Coast and in particular Florida (see
Douglas and Englehart 1981) because of the southerly displaced jet stream. When the storm
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track is displaced further south, interior locations are often influenced by frontal overrunning
over the warm front to the south.

Figure 4.10. Average precipitation event frequency during the 24 El Niño (A; top) and 23 La
Niña events (B; middle). The difference between El Niño and La Niña event frequency (C;
bottom), calculated by subtracting average La Niña event frequency from average El Niño event
frequency (El Niño events – La Niña events). The largest change in event frequency occurs
across Texas and Florida.
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It is hypothesized that interior locations experience more hours with precipitation and
relatively no change in events, because of the shift in storm track which places these stations in
longer duration warm frontal precipitation. This may explain why the number of precipitation
hours and duration increase when the tropical Pacific is in an El Niño phase and why the number
of individual events does not significantly increase at these stations.
Precipitation event frequency during El Niño events displayed two maximums, one along
the southeastern Texas coast, an area prone to cyclogenesis (Hsu 1993; Hardy and Hsu 1997),
and northern Georgia into eastern Tennessee (Figure 4.10a; top). During La Niña events, the
number of precipitation events decreases near southeastern Texas (compared to El Niño) and a
maximum of events are again found in northern Alabama and Georgia, and eastern Tennessee
(Figure 4.10b; middle). Subtracting La Niña event frequency from El Niño event frequency
(figure 4.10c; bottom) reveals that northern Alabama and Georgia, eastern Tennessee, and the
western Carolinas experience a slight decrease in the number of events during El Niño events,
while stations in Texas and largely across the Gulf Coast and Florida experience an increase in
events. This again highlights the importance of El Niño events to winter precipitation in Texas,
related to a southerly displaced jet stream which changes storm tracking.
4.5.2. Intensity
To investigate hourly precipitation intensity during ENSO phase, average winter hourly
intensity was calculated for each station by adapting the simple daily intensity index for hourly
data (Powell and Keim 2015; Brown et al. 2018; Brown et al. in review). The simple daily
intensity index is calculated by dividing the annual amount of precipitation by the number of
days with precipitation as a measure of intensity. Similarly, average winter hourly intensity was
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calculated by dividing annual DJF hourly precipitation accumulation by the number of
precipitation hours in that given season for each station.

Figure 4.11. Average precipitation event intensity (precipitation total / number of precipitation
hours) during the 24 El Niño events (A; top) and 23 La Niña events (B; middle). The difference
between El Niño and La Niña intensity (C; bottom), calculated by subtracting average La Niña
event intensity from average El Niño event intensity (El Niño events – La Niña events). Change
is intensity is muted for a majority of the region excluding coastal Carolinas and southern
Florida.
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Intensity was the only metric investigated that did not show a broad agreement across the
region (Figure 4.6e). This is not surprising considering intensity is spatially consistent during
both El Niño and La Niña events (Figure 4.11a and 4.11b) and the difference between phases is
minimal (Figure 4.11c). Fourteen stations showed significant associations between ONI and the
intensity of precipitation, of which ten were positive and four were negative associations (all
significant at the p ≤ 0.05 level). Another three stations had positive associations significant at
the 0.05 ≤ p ≤ 0.10 level and thirty-seven stations had no significant association. The
northeastern sector of the region, along coastal North and South Carolina as well as high
elevation areas in the same states, and southern Florida have positive associations with ONI,
demonstrating that El Niño events tend to cause more intense precipitation compared to La Niña
events. This is likely due to the change in storm track; however, a change in storm track would
likely cause the stations in the Carolinas to experience long duration light precipitation as
discussed above.
Initially, it would seem as if intensity should not be increasing in these locations but the
unique geography of these stations and may explain why intensity increases during El Niño
winters. At the coastal stations in the Carolinas, coastal convergence is likely the cause of
increased intensity during El Niño events. When the storm track shifts, these locations often
experience some component of easterly wind. When moisture-rich air traveling over the smooth
ocean surface encounters rougher land surfaces it tends to slow down and converge, forcing the
air to rise and produce enhanced precipitation. This does not occur further inland at stations
located near Columbia, South Carolina or Augusta, Georgia; however, stations located in the
mountainous regions of the Carolinas and northeast Georgia may experience orographically
forced precipitation as a result of the shift in storm track. Moist air traveling inland from the
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coast will be forced to rise roughly 150–300 m (500–1000 ft.) at some of these stations, inducing
more intense precipitation compared to stations further to the east at lower elevations.
Table 4.1. Parameters estimates for winter precipitation hours, accumulation, frequency of
individual events, duration (hours per event) and intensity (mm per hour). Parameter estimates
reflect the mean response of each variable to one unit change in ONI. For example, the parameter
estimate for precipitation hours at BTR is 21.01 hours. For every one-unit increase in ONI, the
number of precipitation hour increases by 21.01. Bold parameter estimates are significant at p. ≤
0.05, italicized parameter estimates have 0.05 ≤ p. ≤ 0.10, and no font change means the
parameter estimate is not significant.
Stations State Hours
HSV
AL
5.8
MGM
AL
14.36
MOB
AL
23.76
FSM
AR
7.96
LIT
AR
6.71
DAB
FL
17.38
JAX
FL
19.33
KEY
FL
13.95
MCO
FL
18.54
MIA
FL
14.46
PBI
FL
17.85
TLH
FL
19.21
TPA
FL
18.78
AGS
GA
15.3
AHN
GA
11.24
ATL
GA
11.59
CSG
GA
18.23
MCN
GA
18.7
SAV
GA
18.48
BTR
LA
21.01
LCH
LA
20.04
MSY
LA
24.36
SHV
LA
16.58
JAN
MS
14.1
MEI
MS
11.42
CLT
NC
8.56
GSO
NC
8.98
HSE
NC
12.9
ILM
NC
13.14
Table 4.1 Continued.

Accum.
4.62
42.66
62.92
5.4
14.22
45.15
47.44
48.61
47.33
49.88
61.02
48.27
47.4
33.45
31.96
25.28
33.71
41.68
40.51
47.91
32.01
75.85
18.03
27.18
18.05
23.09
16.07
41.29
51.4

Events
-1.49
0
1.96
0.1
0.51
3.48
3.64
3.49
5.44
3.63
5.38
2.78
4.35
1.38
0.05
-0.39
1.74
0.54
3.42
2.18
3.33
3.18
1.69
1.56
0.1
-0.35
-0.6
0.24
0.3

Duration
0.24
0.3
0.38
0.21
0.13
0.22
0.23
0.22
0.12
0.21
0.16
0.24
0.24
0.19
0.24
0.25
0.28
0.36
0.18
0.29
0.22
0.32
0.25
0.17
0.25
0.23
0.27
0.23
0.27
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Intensity
-0.0012
0.003
0.0008
-0.0035
0.0006
0.0038
0.0031
0.0093
0.0012
0.0099
0.0065
0.0003
-0.0012
0.0011
0.0029
0.0013
-0.001
0.0014
0.0032
-0.0018
-0.0042
0.003
-0.0046
-0.0006
-0.0016
0.0027
0.0009
0.0033
0.0066

Stations
RDU
OKC
TUL
CAE
CHS
GSP
BNA
CHA
MEM
TYS
AAT
ABI
ACT
AMA
BRO
CRP
DFW
ELP
IAH
LBB
MAF
SAT
SJT
SPS
VCT

State
NC
OK
OK
SC
SC
SC
TN
TN
TN
TN
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX

Hours
10.97
8.6
7.75
11.47
18.02
8.66
5.5
6.02
4.23
2.87
22.06
16.78
17.78
9.17
16.42
21.96
10.31
11.5
20.04
14.36
13.35
24.91
14.9
13.23
20.67

Accum.
19.83
9.03
4.44
24.24
51.02
28.94
-11.81
8.66
7.22
-10.32
37.4
17.71
25.62
7.47
30.21
39.92
21.93
11.94
39.6
15.29
14.77
41.24
17.22
16.03
30.56

Events
0.1
1.21
1.31
0.64
2.29
-3.06
-0.2
-1.56
-1.21
-1.03
3.58
3.85
3.19
2.4
4.07
4.64
2.88
3.74
4.23
3.59
3.83
5.35
3.94
2.45
5.36

Duration
0.27
0.2
0.12
0.22
0.27
0.36
0.17
0.25
0.09
0.11
0.28
0.21
0.23
0.06
0.17
0.34
0.25
0.06
0.14
0.19
0.1
0.28
0.23
0.24
0.14

Intensity
0.0012
-0.0004
-0.002
0.0019
0.005
0.0032
-0.0042
-0.0005
-0.0019
-0.0028
0.0028
-0.002
-0.0016
0.0009
0.0047
0.004
0.0009
0.0014
0.0012
0.0017
0.0025
0.0044
-0.0002
-0.0015
-0.0013

4.6. Conclusion
The effect of ENSO on winter precipitation characteristics was examined to better
understand how precipitation changes during different phases of ENSO. Individual time series of
precipitation hours, accumulation, duration, events, and intensity were created for 54 stations
across the SeUS and regression analysis was implemented to determine if ONI, a quantification
of ENSO, influenced any of the constructed precipitation characteristics. Previous research
established a strong linkage between ENSO and precipitation accumulation (Douglas and
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Englehart 1981, Ropelewski and Halpert 1986; Henderson and Vega 1996; and many more),
especially across the SeUS, but no study had investigated how specific precipitation
characteristics change at the sub-daily level.
Results were in agreement with previous research that found ENSO phase significantly
influences precipitation accumulation across the region; however, it was revealed that El Niño
events also cause more precipitation hours (83% of the stations), longer events (85% of the
stations), and more frequent individual events (50% of the stations) for a majority of the stations
in the region. The reason for these changes are likely caused by enhanced cyclogenesis and a
shift in storm track that are well-documented consequences of El Niño events. Coastal locations
from Brownsville, TX to Charleston, SC all experienced increased frequencies of individual
events during the El Niño phase but most inland stations did not. It was hypothesized that a shift
in storm track places these locations in a scenario that encourages warm frontal overrunning,
creating protracted light precipitation. This explains why durations and precipitation hours
increase in these locations, but individual events do not. Intensity of precipitation also changed
for locations in the Carolinas but it is likely that a combination of location relative to the passing
cyclone and local geography is responsible. Coastal convergence and orographic forcing is likely
causing precipitation in these locations to become more intense compared to La Niña events.
These results could be particularly useful for the agricultural sector by providing more
information on how precipitation characteristics change in response to ENSO. Most monthly and
seasonal precipitation forecasts involving ENSO express change or departures from normal in
regards to accumulation. Legler et al. (1999) discuss how forecasts that included a more
comprehensive suite of precipitation characteristics may be beneficial, particularly for
management and cropping practices. At some locations across the region, during El Niño events,
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precipitation hours increase by roughly 35–50% (compared to La Niña) because of more
frequent events or longer duration events. This information could potentially help farmers or
others in the agricultural sector make better-informed decisions regarding land and field
management.
Future research should continue to research how precipitation characteristics change in
relation to large-scale climate oscillations like ENSO. It is likely ENSO is not simply two
distinct modes of variability, but rather a diverse continuum (Capotondi et al. 2015). For
example, it is known there are at least two different types of El Niño and La Niña events, eastern
Pacific events and central Pacific events (Kao and Yu 2009; Capotondi et al. 2015). The typical
or “canonical” El Niño outlined by Rasmusson and Carpenter (1982) peaks along the western
coast of South America and decreases in amplitude moving westward (1997/98 El Niño). These
events tend to have higher sea surface temperature anomalies compared to central Pacific El
Niño’s, which peak near the international date line and do not significantly warm the eastern
Pacific (Capotondi et al. 2015). El Niño’s in the eastern tropical Pacific are stronger than La
Niña events in the eastern Pacific, but central Pacific La Niña’s tend to be stronger than central
Pacific El Niños (Dommenget et al. 2013; Capotondi et al. 2015). This could be an indication of
nonlinearities in the system relating to the development and progression of ENSO events
(Dommenget et al. 2013; Capotondi et al. 2015). It is important to note that other teleconnections
may be modulating ENSO as well, such as the Pacific Decadal Oscillation. Nonetheless, this
research showed that accumulations are not the only precipitation parameter that changes during
ENSO phase. Future research should continue to investigate a more comprehensive suite of
precipitation characteristics to better describe changes during ENSO events in seasonal forecasts.
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Chapter 5. Trend Analysis of Multiple Extreme Hourly Precipitation Time
Series in the Southeast United States
5.1. Introduction
Extreme precipitation events have a large societal impact and appear to be increasing in
many regions across the United States (NCADAC 2013; Melillo et al. 2014; USGCRP 2017). In
recent years, heavy and extreme precipitation events have resulted in numerous floods across the
Southeast United States (hereafter SeUS). For example, Charleston, SC in 2015 (682.75 mm in
4-days), southern Louisiana in 2016 (797.3 mm in 2-days), Houston, Texas (Hurricane Harvey)
in 2017 (> 1524 mm in 5-days), and Elizabethtown, NC (Hurricane Florence) in 2018 (> 889
mm in 4-days). The SeUS is prone to these type of events and has experienced more billiondollar disasters than any other region in the U.S. since 1980 (NCADAC 2013); however, the cost
and impacts of extreme precipitation events may become magnified in the future due to climate
change (NCADAC 2013; Melillo et al. 2014).
Extreme precipitation events have been observed to increase in intensity by roughly 7%
for each degree Celsius of temperature increase, as shown by the Clausius-Clapeyron
relationship (Trenberth 2011, USGCRP 2017). These events tend to occur as a result of high
moisture convergence when an atmospheric column is completely (or almost completely)
saturated (Trenberth et al. 2003). As global temperatures rise, the moisture-holding capacity of
the atmosphere increases, contributing to moisture convergence (Tebaldi et al. 2006) and
providing ample moisture for storms to “empty” out of a given atmospheric column (Allan and
Soden 2008; Scoccimarro and Gualdi 2013). Global temperatures are projected to continue to
increase in the future (IPCC 2014; USGCRP 2017). As a result, locations around the globe
should observe increases in precipitation intensity and extremes (Trenberth et al. 2003), even if
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changes in mean precipitation are negligible (Trenberth et al. 2003; Chou et al. 2009). In fact,
Prein et al. (2017) asserted that hourly precipitation extremes in the contiguous United States
should significantly increase in areas with abundant moisture.
While parts of the SeUS did not warm like other regions in the U.S. during the past
century, known as the “warming hole” (Rogers 2013), temperatures in the region have increased
by roughly 2°F since the 1970s and diurnal temperature ranges have decreased broadly, primarily
due to rising minimum temperatures (NCADAC 2013; Powell and Keim 2015). With scientific
consensus asserting the global climate has and will continue to warm (See IPCC 2014 AR4;
USGCRP 2017) and given recent observed temperature changes (see USGCRP 2017) across the
SeUS, it is plausible to expect a response in precipitation; however, trends in precipitation have
been difficult to detect. Detection is challenging because of inherent variability but locations in
the SeUS have generally experienced more precipitation in less time (Powell and Keim 2015)
and extreme precipitation events have become more frequent in recent decades (Kunkel 2003;
USGCRP 2017; Skeeter et al. 2019).
Numerous studies have found or project statistically significant increases in the frequency
of extreme precipitation (Kunkel et al. 1999; Trenberth et al. 2003; Groisman et al. 2005; Prein
et al. 2017; Skeeter et al. 2019; and many more). While Karl et al. (1996) showed the number of
days exceeding 50.8 mm (2 in.) increased in the U.S annually, Karl and Knight (1998) were
among the first to assess heavy precipitation over the contiguous U.S (Groisman et al. 2005) and
found the intensity of precipitation increased during very heavy and extreme precipitation days
from 1910–1995. They also showed that the contribution of the upper 10% of precipitation
events compared to the annual sum had increased for the entire nation as well as the percent of
area affected by extreme precipitation. Groisman et al. (2001) and Groisman et al. (2004), using
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their own unique definition of very heavy events (for example, 0.3% of daily events), found
significant long-term trends in the frequency of very heavy precipitation within three regions
(South, Midwest, and Upper Mississippi), which include parts of the SeUS. Recent research by
Groisman et al. (2012) found that during the past three decades, the frequency of intense
precipitation days and events with totals above 25.4 mm (1 in.) increased while the frequency of
12.7–25.4 mm (0.5–1.0 in.) days did not change. The biggest increase found by Groisman et al.
(2012) was in the frequency of extreme days with totals above 154.8 mm (6.1 in.), which
increased by roughly 40% in the Central United States.
Across parts of the SeUS, Skeeter et al. (2019) revealed annual intense precipitation
events increased in both frequency and magnitude since 1950. Powell and Keim (2015) revealed,
using a suite of indices, the frequency and intensity of precipitation events increased across the
SeUS. They also determined that daily intensity broadly increased across the region from 1948–
2012. Brown et al. (in review), using hourly data, found a change in precipitation characteristics
across the SeUS, showing hourly intensity increased at 44% of the sites analyzed while the
average duration of precipitation events decreased at 82% of the sites. However, Brown et al. (in
review) did not find a broad increase in the annual frequency of 90th percentile hourly events
across the region, suggesting that changes in the hourly precipitation distribution are likely due
to more above average hourly accumulations rather than more frequent extreme hourly events.
A majority of the research discussed above focused on daily or multiday extremes when
determining change. Daily data are critical to our understanding of precipitation, but its
intermittent nature highlights the need to quantify other characteristics such as frequency,
intensity, and duration, which do not operate at the daily scale (Trenberth and Zhang 2018). For
example, most severe and extreme storms are associated with short periods of intense rainfall
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(Muschinski and Katz 2013) that are not apparent when examining daily data. Sub-daily data that
allows for the investigation of precipitation characteristics are needed to better understand the
direct effects a changing climate may have on precipitation in the SeUS. It is known that daily
and multi-day heavy and extreme events are increasing, but it is not fully known if these events
are of a longer duration (more rain hours during the day) or condensed into a few heavy hours.
This research will focus on four questions:
1. Are there trends in 1,3,6,12, and18-hour annual maximum precipitation time series?
2. Are there changes in the numerical annual 90th percentile hourly accumulation?
3. Are there changes in the average or maximum dry spell duration annually?
4. Is the length of the longest consecutive hourly period with precipitation changing?
5.2 Study Region
The SeUS, defined as the 11-state region of Alabama, Arkansas, Florida, Georgia,
Louisiana, Mississippi, North Carolina, Oklahoma, South Carolina, Tennessee, and Texas
(Figure 5.1), frequently experiences extreme events (Keim 1996; Kunkel et al. 2013, and Keim et
al. 2018) and is highly vulnerable to a changing climate (Powell and Keim 2015, Carter et al.
2018). This regional delineation was also used by Henderson and Vega (1996), Keim (1997),
Powell and Keim (2015), and Brown et al. (in review) and constitutes the southeastern quadrant
of the conterminous United States.
Extreme precipitation events in the region are primarily caused by frontal and tropical
events (Keim 1996, Kunkel et al. 2012). During winter and spring frontal events induce most of
the extreme events, while tropical cyclones began to play a role in summer and fall (Kunkel et al.
2012). Precipitation accumulated from tropical cyclones in a single location, during certain
events, can contribute 50% to 100% of mean annual precipitation in just a few days (Simpson
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and Riehl 1981; Nogueira et al. 2013). A recent example can be seen in Houston, Texas, during
Hurricane Harvey. Harvey produced five-day rainfall totals (25–29 August 2017) in excess of
1524 mm (60 in.), an amount that exceeds annual totals for many locations across the SeUS.
Another example can be seen in the southeastern Louisiana flood of 2016. The storm was never
classified as a tropical cyclone because it lacked a closed circulation and a well-defined center
(van der Wiel et al. 2017), but had tropical characteristics and was able to tap into record
precipitable water levels to produce two-day rain totals above 762 mm (30 in.) across Baton
Rouge, Louisiana. Thus, tropical events are important to the precipitation climatology and
extreme events in the region and were not controlled for or removed.

Figure 5.1. The eleven state region selected for this study. Blue dots represent the location of
first-order weather stations used for testing trends (50 in total).
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5.3 Data
Data for this research come from 50 first-order weather stations (Figure 5.1) maintained
by the National Centers for Environmental Information (NCEI) within the Hourly Precipitation
Database (HPD). The database provides time-sequenced hourly precipitation totals for a network
of over 7000 reporting stations primarily located in the United States (NOAA 2016). The HPD is
available on a station-by-station basis and returns all hours with recorded precipitation including
traces in local standard time. Hourly trace values represent a wet gauge but not measurable
precipitation and were assigned zero accumulation in this study.
Following methods from Brown et al. (2018) and Brown et al. (in review), precipitation
time series were created for each station. In 1950 a large number of first-order stations across the
region and United States were moved to airports, providing a uniform starting date; however,
some stations have gaps early in the record and others did not come online until the 1960s. For
these reasons, and to ensure a large enough sample size, first-order weather stations with
continuous hourly precipitation data starting in 1960 (58 years) were used.
To ensure the HPD data were reliable, hourly accumulation observations for each station
were summed by year to attain an annual total. These annual data were compared to the Local
Climatological Data (LCD) publication (daily data) that archives some of the most reliable
precipitation data available. In most cases, precipitation totals from hourly and daily data agree;
however, they may disagree for a number of reasons, including under catchment by automated
hourly stations or missing hourly data. One requirement of this study is a continuous time series
for each station where the hourly accumulation observations of each year sum to within ± 10% of
the reported LCD annual precipitation total from daily data, a threshold selected to follow
methods in Brown et al. (2018). It is known that in the HPD, some stations do not meet the 10%
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requirement for certain years. For example, at Baton Rouge Ryan Airport (KBTR) in 1985, there
are multiple rain days with missing hourly data.
To avoid sacrificing the entire station’s dataset because of a few missing observations,
two other data sources were used. The first supplementary dataset is the Midwestern Regional
Climate Center (MRCC) hourly precipitation database. This database also reports hourly
precipitation in local standard time. Hourly precipitation totals from the MRCC database are
usually the same as the HPD but sometimes (often due to different quality control techniques)
contain observations that are not present in the HPD. The MRCC data helped add observations to
years when the HPD data did not meet the 90% requirement. Brown et al. (2018) found that
when using the MRCC’s data, a majority of the years that did not meet the 90% requirement
using the HPD alone can be supplemented making them able to meet the 90% requirement;
however, the Regional Climate Center data are very similar to the HPD. Often if data are missing
in the HPD, they are also missing in the Regional Climate Center data. This was the case with
KBTR data from 1985, when hourly data from both datasets only summed to roughly 88% of the
reported annual total in the LCD annual report from daily data.
To attain the 90% threshold, a second supplementary data source was used. This source is
the Iowa Environmental Mesonet (IEM) raw METAR data. Hourly precipitation totals from
METAR are reported at varying times, often at 53-minutes past the hour and can also contain
other special observations, which can lead to differing hourly totals (between RAW METAR and
final HPD) during precipitation hours without careful analysis. In some cases, especially during
heavy rainfall, the hourly reported IEM data differ from both MRCC and HPD data by a few
millimeters. Differing totals between the NCEI LCD annual and monthly reports and summed
hourly data can often be attributed to a few individual months, or just a few days within a given
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year (i.e., a severe weather event), as was the case in 1985 at KBTR. Therefore, individual
months or days where HPD or MRCC data are clearly missing or lacking were replaced with
IEM METAR data. This was performed manually on a station-by-station basis by identifying
time periods (first months then days) in which HPD or MRCC hourly data differed from the
LCD daily reports. The IEM data were only used for years in which the annual precipitation
totals from the other two hourly sources were below 90% of the annual totals based on daily
data. Within these years, the IEM data were only substituted for the specific months where
precipitation totals from the hourly data were below 90% of the totals from daily data. For
example, if the October 1990 LCD from daily data recorded 254 mm (10 in.) of precipitation, but
the HPD hourly data only summed to 203.2 mm (8 in.) (80%), then the day(s) in which the
missing totals occurred would be replaced with IEM data. This was easily identifiable using the
LCD daily reports.
The differing time collection method used in the IEM and its automated nature introduces
slight biases (i.e., under-catchment, tipping bucket issues, systematic errors, etc.) but enabled the
construction of a continuous hourly precipitation time series where all years’ capture at least
90% of the edited annual LCD report values. It is important to note that most years at each
station using the HPD alone contained at least 95% of the annual precipitation total. Also of
importance is the treatment of trace values. Trace values represent a wet gauge but no
measureable accumulation and were removed from this analysis.
5.3.1 Limitations of Data
One limitation of in situ precipitation data is caused by station relocation. Periodic
relocation of stations can induce discontinuities in precipitation time series and may limit the
ability to detected changes in the hydrologic cycle (Groisman and Legates 1994). Keim et al.
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(2003) investigated relocation bias and its influence on temperature measurements and asserted
that it is likely these biases also exist in precipitation time series. When a gauge is relocated, the
wind flow characteristic (proximity to buildings, vegetation, or elevation) are likely to change,
which can affect gauge catchment (Eischeid et al. 1991). However, it is important to keep in
mind the strict quality control standards maintained by the National Weather Service (NWS).
The NWS requires that stations not be moved more than roughly 8-km (5-mi.), nor change
elevation +/- 30.5 m (100 ft.), to be considered compatible with the original station location
(National Weather Service 2012). This ensures that precipitation measurements are as reliable
and consistent as possible.
Gauge measurements tend to underestimate true precipitation because of wind turbulence
at the gauge orifice and wetting loss on the inside walls of the gauge (Groisman and Legates
1994). The catch of gauges decreases as wind speeds increase (Legates and Deliberty 1993).
Legates and Deliberty (1993) estimated the average bias in gauge measurements across the
United States is approximately 9%, with higher biases found in locations at high elevations due
to less friction. However, stations across the SeUS tend to have the lower biases compared to
other regions, with an average bias of less than 8% (Legates and Deliberty 1993). Concerns
regarding the accuracy of gauge measurements are a problem in any analysis and although no
dataset is perfect, the HPD is one of the more reliable sources of hourly precipitation (Brooks
and Stensrud 2000).
5.4 Methods
5.4.1. Creation of Time Series
Data from the HPD and the supplemental sources were used to create annual time series
for hourly maximums, 90th percentile values, average and maximum dry spell durations, and
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maximum wet spell durations. First, five series that represent the greatest 1-hour, 3-hour, 6-hour,
12-hour, and 18-hour precipitation accumulation period per year were created. To determine the
maximum accumulations during each period, a script was written in R that locates and sum the
greatest consecutive hourly period of precipitation. For example, the 12-hour annual maximum
series represents the single greatest (accumulated) twelve-hour period with precipitation for each
year for each station. The script uses a sliding window approach and moves through each hourly
observation (in each year) and locates, via summing, the greatest window or period of
precipitation. One limitation of this approach is that a few extreme hourly totals can dominate the
periods within a year. For example, if 101.6 mm (4 in.) is accumulated in one-hour, it is likely
the 2- and 3-hour max values are close to this value and it is even possible this single hour could
be present in the 6-, 12-, or 18-hour annual maximum period. It is also important to note that all
hours in the maximum period were not required to contain precipitation (i.e. a few heavy hours
can dominate the total). Nonetheless, these annual values represent the greatest periods of
precipitation in each year and should be analyzed to determine if they changing.
Annual time series were also created for annual average and maximum dry spell duration.
Dry spells are of interest because they impact agriculture via irrigation scheduling (Usman and
Reason 2004), increase air temperatures (Powell and Keim 2015), and are more frequent than
droughts (Trepanier et al. 2015). Trepanier et al. (2015) examined daily average annual and
maximum dry spell series for the South-Central United States from 1950–2013. They found that
25% of the stations in the region had significant negative trends, indicating daily dry spell
durations were decreasing through time. The most significant reduction in annual average dry
spell duration was primarily found across southern Louisiana.
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Robinson and Henderson (1992) discussed how the length of dry periods between events
is not self-evident; however, synoptic analysis by Thorp and Scott (1982) suggest that there is no
single correct value to separate events but for climatological and hydrological uses, a single
consistent separation interval (or one-hour) is desirable (Robinson and Henderson 1992). In this
research, if measurable precipitation (> 0.254 mm) was recorded, it was labeled as an event and
the length of the event depending on how many consecutive hours’ measurable precipitation
occurred. In each year, for each station, the average dry spell duration was calculated by
summing the number of hours between each precipitation event, and dividing by the number of
individual dry periods; where a dry period is defined as consecutive hours with no precipitation
and precipitation event defined as any hour with measurable precipitation. This helps determine
if annual dry spell durations are changing through time. Annual maximum dry spell duration
series were also created for each station by finding the longest hourly dry period within each
year. This was easily identifiable using the created dry spell duration series. Conversely, the
annual maximum precipitation period was constructed for each station in each year by
identifying and summing the longest run of consecutive hours with measurable precipitation.
These three series were used to identify the longest periods with and without precipitation, the
average duration between events, and to detect changes in these quantities.
The frequency distribution of hourly precipitation amounts resembles a Poisson or leftskewed distribution, with the highest frequency occurring at 0.254 mm (0.01 in.) and decreasing
in frequency as magnitude increases (Figure 5.2). For example, the average hourly accumulation
at Baton Rouge, Louisiana, using all the hourly observations (1960–2017) with precipitation (>
0.254 mm), is 3.3 mm (0.13 in.), while the 90th percentile is 8.38 mm (0.33 in.). To determine the
annual 90th percentile value for each station, for each year, another script was written in R. This
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script takes all the annual precipitation observations (accumulation; not including zeros) and
locates, for each year, the numerical value where 90% of the amounts (mm) are below and 10%
are above. The 90th percentile values for each year are then recorded creating the time series.
Research by Brown et al. (in review) determined that annual average hourly accumulation
increased at 40% of the stations analyzed in the SeUS; thus, if the mean is shifting up it is likely
the 90th percentile is as well.

Figure 5.2. Example of typical hourly precipitation distribution. The highest frequency (mode)
occurs at 0.254mm (0.01 in), the median at 1.27mm (.05 in), and the mean at 3.3 mm (0.13 in).
The 90th percentile value, 8.38 mm (0.33 in.) represents the location where 90% of the values are
below and 10% above.
5.4.2 Testing for Trends
To test for trends in the created time series two statistical techniques were used. First, was the
non-parametric Mann-Kendall test for monotonic trends (Mann 1945; Kendall 1948). The MannKendall test uses the correlation between the rank order of values and their order through time to
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determine if the data are independent and thus randomly ordered (Hamed and Rao 1998). The
null hypothesis for the Mann-Kendall is that there is no trend in the observations (Hamed and
Rao 1998). The Mann-Kendall was used to test for trends in the annual maximum series (hourly
maximum accumulations, maximum dry spell, and maximum precipitation period) because the
distributions of each are unspecified and normality (on the residuals) was rejected in many cases.
All three of the annual maximum series are highly variable and contain outliers, which greatly
affect other techniques such as regression, (Montgomery and Peck 1982), but is tolerated in the
Mann-Kendall approach (Hamed and Rao 1998). While non-parametric tests are often less
powerful compared to parametric tests, in this setting the Mann-Kendall is a good fit and
provides sound results on trends in the annual maximum series.
To test for trends in the annual 90th percentile and average hourly dry spell duration
series, Ordinary Least Squares (OLS) regression was used. Regression is widely used in
precipitation research (Groisman et al. 2012; Skeeter et al. 2019; Brown et al. 2018, etc.) and
provides parameter estimates that give insight on how variables changed during an interval when
the independent variable is time (year). These series have less variability and outliers compared
to annual maximum series discussed above, making them better suited for regression. The
residuals for each stations time series were tested for normality - an assumption of regression
(Montgomery and Peck 1982), using the Shapiro Wilk test (Shapiro and Wilk 1965). Residuals
for some of the times series were not normally distributed and exhibited p-values < 0.05;
however, small deviations from normality do not affect the regression model as it is robust when
errors in normality are present (Montgomery and Peck 1982). Nonetheless, the log of the
dependent variable was taken on both series creating an exponential model (curvilinear
regression), which aids in removing non-homogeneity and helps satisfy normality (Freund et al.
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2010); however, this limits the direct interpretation of the parameter estimates, because the
model is no longer linear and now has the form:
log (90th percentile values) = b0 + b1 (year)
To interpret parameters, or change in the dependent variable per one unit change in the
independent variable (year), the parameter estimate must be exponentiated, subtracted by one,
then multiplied by 100. This provides the percent change in y per one unit change in x (year).
This process looks as follows:
(eb - 1) * 100 = % change in y, per one unit change in x.
1

Where b1 is the parameter estimate from the regression. Parameter estimates for 90th
percentile values and average dry spell duration and can be seen for each station in Table 5.1.
5.5 Results
5.5.1. Mann-Kendall
Only eight different stations analyzed showed significant trends in the five different
annual hourly accumulation maximum time series. Three stations had significant (defined as p. ≤
0.05) increases in the one-hour maximum period, while another four stations had increasing
trends significant at the 0.05 ≤ p. ≤ 0.10 level (Figure 5.3a). Only two (three) stations had
significant trends (both increasing) in the three-hour (six-hour) maximum period with no
coherent spatial pattern (Figure 5.3b and 5.3c). The twelve and eighteen-hour maximum periods
yielded similar results (Figure 5.3d and 5.3e), where only four and three stations showing
statistically significant trends, respectively.
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Figure 5.3. Trends (1960–2017) in annual hourly maximum precipitation periods for one-hour
(A), three-hour (B), six-hour (C), twelve-hour (D), and eighteen-hour (E). Large darker green
arrows represent increasing trends significant at the p. ≤ 0.05 level, smaller lighter green arrows
represent increasing trends significant at the 0.05 ≤ p. ≤ 0.10 level. Large darker red arrows
represent decreasing trends significant at the p. ≤ 0.05 level, smaller darker red arrows represent
decreasing trends at the 0.05 ≤ p. ≤ 0.10 level. Black dots represent stations with no significant
trend.
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Figure 5.4. Time series of significant increasing trends in the annual maximum one-hour (A;
KMOB), three-hour (B; KRDU), six-hour (C; KATL), twelve-hour (D; KATL), and eighteenhour (E; KSJT) period from 1960–2017.
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Time series with the strongest trends for the annual maximum one-hour (Figure 5.4a;
KMOB), three-hour (Figure 5.4b; KDRU), six-hour (Figure 5.4c; KATL), twelve-hour (Figure
5.4d; KATL), and eighteen-hour period (Figure 5.4e; KSJT) show steady increases in magnitude
since 1985. In each time series, excluding the 18-hour period at KSJT, the past two decades have
been highly variable, showing why regression was not a suitable option. It should be noted that
three of the six stations in Georgia had increasing trends in the 18-hour maximum period,
although only one station was significant at the p. ≤ 0.05 level. While few annual hourly
accumulation maximum series were significant (and only eight different stations), the significant
trends were overwhelmingly (28/31) increasing through time.
Results for the longest consecutive hourly period with precipitation were more spatially
coherent compared to the annual maximum accumulations. Four stations had statistically
significant decreasing trends and another seven stations had decreasing trends significant at the
0.05 ≤ p. ≤ 0.10 level (Figure 5.5a). Most of these stations were located across Georgia,
revealing the duration of the longest precipitation events have decreased in this area. The longest
consecutive period with measurable precipitation (not including traces) for each station (19602017) can be seen in Figure 5.6. The top five highest values can be seen in Table 5.2. The
longest event occurred at KTYS, in Knoxville, TN in January 2013. The event was caused by a
slow moving cold front that eventually became stationary and produced hours of unrelenting
precipitation. The extratropical cyclone event at Greenville-Spartansburg (KGSP), South
Carolina, in February 1987 would have been the longest event but hourly trace values occurred
on the back end of the event, reducing its overall length. It is also interesting to note that Tropical
Cyclone Isidore caused the longest event at KJAN, in Jackson, MS, in 2002. Isidore weakened
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from a category 3 hurricane to a tropical storm at landfall but still produced substantial rainfall
across Louisiana and Mississippi.
Finally, results for the annual maximum dry spell duration showed only one station had a
statistically significant (increasing) trend (Figure 5.7; KJAX). The time series for KJAX is
highly variable early in the record, but shows a steady increase since the mid-1970s. Another two
stations had trends significant (increasing) at the 0.05 ≤ p. ≤ 0.10 level.

Figure 5.5 Same as figure 5.3, except for annual maximum wet period (A), average dry spell
duration (B), and numerical 90th percentile value.
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Figure 5.6. Longest consecutive period with measurable precipitation at each station 1960–2017.
The lowest value is located in El Paso, TX (25) and the highest value at Knoxville, TN (61).
These durations do not include trace values.

Figure 5.7. Annual maximum dry spell duration time series for KJAX 1960–2017. Note the
increasing trend present since mid-1970s.
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Table 5.1. Table 1. Parameter estimates and change (in % per year since 1960) for regressions
preformed on 90th percentile values and average dry spell duration 1960–2017. One asterisk (*)
corresponds to p-values significant at the 0.10 level, two asterisks (**) denotes significance at
the 0.05 level, and three asterisks (***) denotes significance at the 0.01 level. Only parameter
estimate values were assigned significance.
90th Percentile
Average Dry Spell
Duration
Station
State
Parameter
Change
Parameter
Change
Est.
(%)
Est.
(%)
HSV
AL
0.0002
0.1141
-0.0004
-0.0432
MGM
AL
0.001**
0.0152
0
-0.0017
MOB
AL
0.0013**
0.1281
0.0001
0.0097
FSM
AR
0.0014**
0.1001
-0.0009*
-0.0923
LIT
AR
0.0006
0.1391
-0.0007
-0.0704
DAB
FL
0.0011*
0.0585
-0.0005
-0.0511
JAX
FL
0.001**
0.1071
0.0011**
0.1111
KEY
FL
0.0004
0.1011
0
-0.0009
MIA
FL
0.0007
0.0732
-0.0019***
-0.1898
PBI
FL
-0.0006
0.0438
-0.0012***
-0.1239
TLH
FL
-0.0006
-0.0608
-0.0003
-0.0252
TPA
FL
0.0011*
0.1101
-0.001***
-0.1039
AGS
GA
0.0006
-0.0582
-0.0001
-0.006
AHN
GA
0.0001
0.0102
-0.0004
-0.0423
ATL
GA
0.0003
0.0337
0
-0.0016
CSG
GA
0.0001
0.0583
-0.0006
-0.058
MCN
GA
0.0017***
0.0116
0.0005
0.0457
SAV
GA
0.0008
0.1651
0.0011**
0.1131
BTR
LA
0.0011**
0.0781
-0.0014***
-0.1379
LCH
LA
0.0008**
0.1161
-0.0022***
-0.2158
MSY
LA
0.0012**
0.0753
-0.0006
-0.0621
SHV
LA
0.0013**
0.1261
-0.0007
-0.0709
JAN
MS
0.0009
0.0916
-0.0007
-0.0714
MEI
MS
0.0001
0.0106
-0.0026***
-0.2557
CLT
NC
0.0011**
0.0464
-0.0006
-0.0627
GSO
NC
0.0005
0.1061
-0.0007
-0.0729
HSE
NC
0.0005
0.05
-0.0015***
-0.1509
ILM
NC
0.0008
0.1271
-0.0008*
-0.0761
Table 5.1. Continued.
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90th Percentile
Station

State

RDU
OKC
TUL
CAE
CHS
GSP
BNA
CHA
TYS
ABI
ACT
AMA
ATT
BRO
CRP
ELP
LBB
MAF
SAT
SJT
SPS
VCT

NC
OK
OK
SC
SC
SC
TN
TN
TN
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX
TX

Parameter
Est.
0.0013**
0.0015**
0.0003
0.0003
0.0012**
0.0005
0.0008*
0.0007
0.0009**
0.0011
0.0024***
0.0005
0.0011
0.001
0.0015**
0.0026***
-0.0003
0.0007
0.001
0.002***
-0.0002
0.0005

Change
(%)
0.0832
0.1521
0.0314
0.1161
0.0252
0.05
0.0694
0.0828
0.0864
0.1081
0.0542
0.1051
0.0957
0.1471
0.2563
-0.0331
0.0697
0.2042
0.1011
0.0493
0.2413
-0.0165

Average Dry Spell
Duration
Parameter
Change
Est.
(%)
-0.0013***
-0.1259
0.0002
0.0216
-0.0011*
-0.1089
-0.0002
-0.0244
0.0001
0.0125
-0.0003
-0.0308
-0.0012***
-0.1169
0
0.0045
0.0001
0.0054
-0.0001
-0.0092
-0.001
-0.1009
-0.0004
-0.0413
-0.0005
-0.0482
-0.0002
-0.016
0.0008
0.0808
-0.0007
-0.0723
0.0002
0.0181
0.0014
0.1401
0.0003
0.0348
-0.0002
-0.0188
-0.0009
-0.0862
-0.0014*
-0.1419

Table 2. Top-five longest duration (hours) events with measurable precipitation at first-order
sites analyzed 1960–2017.
Station State Duration (Hours) Start
End
Cause
KTSY TN
61
1/13/2013 1/16/2013 Frontal/Stationary Front
KHSE NC
56
11/25/1962 11/28/1962 Extra-tropical Cyclone
KBTR LA
52
2/4/1979 2/6/1979 Stationary Front/Cyclogensis
KGSP SC
51
2/26/1987 2/28/1987 Frontal/Extra-tropical Cyclone
KJAN MS
50
9/24/2002 9/26/2002 Tropical Cyclone Isidore
5.5.2. Regression
Regression results revealed 22% (11/50) of the sites analyzed had statistically significant
trends (9 decreasing; 2 increasing) in average dry spell duration, while another four stations had
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decreasing trends significant at the 0.05 ≤ p. ≤ 0.10 level. The spatial pattern was somewhat
consistent and showed that average dry spell durations decreased at stations across southern
Florida, southern Louisiana, and the eastern half of North Carolina (Figure 5.5b). Parameter
estimates, which can be interpreted as the average percentage change in average dry spell
duration per year, showed decreases of 0.10–0.20% per year for most stations with a significant
(decreasing) trend (Table 5.1). Only two stations had a significant increasing trend. The strongest
increasing trend was found at Savannah, GA (KSAV), and the strongest decreasing trend at
Meridian, MS (KMEI) (Figure 5.8). It is surprising that only fourteen stations had any significant
trend in average dry spell duration, especially considering observed increases in precipitable
water.

Figure 5.8. Time series of average annual dry spell duration for KSAV (A; top) and KMEI (B;
bottom). KSAV (KMEI) exhibited a statistically significant increasing (decreasing) trend from
1960–2017.
The numerical value of annual hourly 90th percentile events significantly increased at
36% (18/50) of the stations while another three stations had increases significant at the 0.05 ≤ p.
≤ 0.10 level (Figure 5.5c). The four largest percentage changes were in Texas, where parameter
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estimates showed increases between 0.20–0.26% per year. The single largest increase in the
annual 90th percentile value was 0.26% at KELP (El Paso, TX). The time series (Figure 5.9)
shows little variability in the first three decades, followed by a large increase in magnitude and
variability. All four stations in Louisiana had statistically significant increases as well, with
parameters estimates showing increases of 0.08–0.13% per year. However, the spatial pattern is
somewhat weak but consistent with previous studies that found a broad increase in intensity
across the region (Powell and Keim 2015, Brown et al. in review).

Figure 5.9. Time series of KELP for the annual numerical value of 90th percentile hourly events
from 1960–2017.
5.6 Discussion
Results from the Mann-Kendall annual maximum hourly accumulations seem to
contradict research that describes an increased magnitude of extreme precipitation events;
however, results provide a better picture of how hourly precipitation is changing across the
SeUS. Brown et al. (in review) discovered the annual frequency of precipitation hours (the
number of hours it rains per year) decreased at stations across Georgia, South Carolina, and
northern Florida, but remained unchanged for the rest of the region from 1960–2017. At the
same time, average hourly accumulations (average hourly intensity) increased broadly at 40%

140

(44%) of the sites analyzed, while the average duration of precipitation decreased at 82% of the
stations across the SeUS. They also determined the frequency of 90th percentile events and
frequency of events above the station specific average hourly total were not changing broadly
like intensity or average accumulation. This research showed that annual maximum hourly, the
highest accumulations each year, are not changing across the region, demonstrating that the
change in the hourly precipitation is likely related to changes in precipitation accumulation
where hourly events are becoming heavier on average, with roughly the same frequency. It is
also possible the frequency of lighter hourly events is decreasing because of more moderate to
heavy events, similar to what was noted at the daily scale by Trenberth (1999; 2011) and
Sherwood and Fu (2014).
Results from this analysis showed the annual value of 90th percentile hourly events
increased significantly at 36% of the stations; further demonstrating the hourly distribution is
shifting, favoring higher accumulations. The magnitude of annual maximum extreme hourly
events (at least in the periods analyzed here) are not broadly increasing and Brown et al. (in
review) showed the frequency of 90th percentile events only increased at 22% (11/50) of the
stations in the SeUS. This result provides evidence that changes in the hourly precipitation
distributions are likely related to increasing magnitudes of above average events across the
SeUS.
Trends in the longest consecutive period with precipitation decreased at stations across
Georgia. Brown et al. (in review) found that the annual frequency of precipitation hours
significantly decreased across this same sector (centered on Georgia). The decrease was due to
significant decreases in winter (DJF) and to a lesser extent spring (MAM) hours, but
precipitation accumulation only decreased in spring. The average duration of precipitation events
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tends to be longest in winter for most stations across the SeUS (Brown et al. in review), largely
due to frequent frontal events (Keim 1996). This reveals a change in precipitation activity across
Georgia - possibly related to less frequent or faster moving frontal events that reduce the
occurrence of long protracted precipitation events. It is also possible these results are related to
recent droughts that impacted this area (Manual 2008; Maxwell and Soule 2009; Gotvald and
McCallum 2010).
Average annual dry spell durations were observed to be decreasing across southern
Florida, southern Louisiana, and parts of North Carolina. Trepanier et al. (2015) found negative
trends in the average dry spell durations for parts of the SeUS, particularly across southern
Louisiana. This research also found decreases in southern Louisiana, but Trepanier et al. (2015)
used more stations within the state, limiting comparisons. Significant decreases were also found
across southern Florida and parts of North Carolina; however, these states were not included in
the study region of Trepanier et al. (2015). Future research will investigate the frequency of dry
spell events and their seasonality to better discern trends found at the annual level.
5.7 Conclusion
This research showed that the numerical value of 90th percentile hourly events increased
significantly at 36% of the stations analyzed. At the same time, no broad increases were found in
the magnitude of annual maximum hourly accumulations in 1,3,6,12, and 18-hour periods. While
this seems to contradict other research on precipitation extremes, these conclusions fall in line
with observed changes in hourly precipitation and it is important to note that most of the
significant trends found in magnitude, while not numerous, were increasing. Previous research
established that annual accumulations were not changing across the SeUS (Powell and Keim
2015; Brown et al. in review), demonstrating that there are more hours with above average
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accumulations through time, but these events are not large enough to influence the annual total or
annual maximum hourly accumulations. It is possible the lack of significant trends is related to
the high variability or increased variability through time. This limits the ability to detect trends
but is consistent with theoretical research on how precipitation should change in the future.
The frequency of precipitation hours, excluding the pattern observed across GA, SC, and
northern FL, is remaining constant across the SeUS while hourly intensity and average
accumulations increase, the average duration of events decrease (Brown et al. in review), and
extreme hourly magnitudes have no spatially consistent trend. This provides evidence that the
distribution of hourly precipitation is changing, favoring more intense events (higher magnitude),
which shift the mean and 90th percentile up, with shorter precipitation event durations. These
finding are consistent theoretical research on precipitation under a changing climate.
Future research should continue to investigate precipitation extremes using different
metrics and other data sources. One limitation of this research is the coarse spatial resolution of
station data. Gridded hourly data are a possible solution, but reliable data do not yet exist for
extended periods. Nonetheless, research should continue to focus efforts on sub-daily
precipitation because it rarely rains all day and even when it does rainfall rates vary dramatically
(Trenberth and Zhang 2018).
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Chapter 6. Conclusions and Recommendations
6.1. Summary of Findings
In a series of four manuscripts, this research investigated hourly precipitation from a
climatological perspective and analyzed time series to determine if there were detectable trends
in precipitation characteristics across the SeUS. This work was motivated by previous research
that highlighted both observed and theoretical changes in precipitation. It was necessary because
variations in precipitation patterns and their effect on surface and subsurface water availability is
an important problem facing communities across the United States, especially considering
potential variations in global climate patterns (Keim et al. 1995).
6.1.1 Louisiana Climatology
The objective(s) of the first manuscript (Chapter 2) were to establish a reproducible
method to create and quality control hourly precipitation data, investigate changes in the hourly
precipitation distribution across Louisiana, and link winter Gulf of Mexico sea surface
temperatures to the frequency of precipitation hours. Data assimilation procedures developed in
the manuscript were the basis for all the data used in the proceeding manuscripts. Results from
this study revealed that roughly 5% of the total annual hour’s experience precipitation across
Louisiana with distinct seasonal differences. No significant trends were found in the overall
frequency of precipitation hours at the four stations but the frequency of 90th percentile events
were found to be increasing at three stations, while the frequency of lighter hourly events
(0.254mm, 1.27mm, 2.54mm) decreased in the second half of the period. It was also determined
that winter Gulf of Mexico sea surface temperatures significantly correlated with the number of
hours with precipitation across coastal Louisiana, likely related to the frequency of synoptic
types such as frontal overrunning.
149

6.1.2 Southeast United States Climatology
The second manuscript (Chapter 3) followed methods and concepts outlined in chapter 2
by introducing a climatology of hourly precipitation characteristics, investigating trends in
precipitation hours (PH) and hourly accumulations, and precipitation intensity across 50 firstorder stations in the SeUS from 1960–2017. Results indicated hourly intensity significantly
increased at 44% (22/50) of the stations, accompanied by an increase in average hourly
accumulation at 40% of the sites analyzed (20/50). The average duration of precipitation events
also decreased at 82% (41/50) of the stations; however, the frequency of 90th percentile hourly
events and events above station specific average hourly totals did not show a broad increase
similar to hourly intensity. It was anticipated the frequency of 90th percentile hourly events
would broadly increase across the SeUS because three of the four stations in Louisiana showed
significant increases, but this phenomenon seems unique to Louisiana. Across the region, only
thirteen stations had significant trends in the frequency of 90th percentile events; eleven
increasing and two decreasing. This demonstrates that hourly precipitation events are becoming
slightly heavier on average, showing a shift in the precipitation distribution, while the duration of
average events is significantly decreasing.
Chapter 3 also highlighted significant changes in the frequency of precipitation hours
across South Carolina, Georgia, and northern Florida. In this sector annual precipitation hours
significantly decreased while accumulations did not, demonstrating that annual precipitation is
becoming more intense in that area. The annual decrease in precipitation hours was a result of
significant decreases in winter (which again lacked a decrease in accumulation) and spring.
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6.1.3 El Niño-Southern Oscillation and Precipitation
The third manuscript (Chapter 4) investigated the effect of the El Niño-Southern
Oscillation on winter precipitation characteristics at 54 first-order weather stations across the
SeUS from 1950–2017. The El Niño-Southern Oscillation was of interest because it has proven
to be the single most important determinant of interannual variability in global precipitation (Dai
et al. 1997; Dai and Wigley 2000), explaining roughly 38% of interannual variance in globally
averaged land precipitation (New et al. 2001), and can be detected at regional scales (Douglas
and Englehart 1981, Ropelewski and Halpert 1986). However, ENSO impacts on precipitation
are generally described in weekly or seasonal outlooks derived from daily data. Legler et al.
(1999) discussed how seasonal precipitation forecasts might be beneficial for agricultural
applications, but only if details were provided regarding not only totals but changes in a
comprehensive suite of precipitation characteristics. Better quantification of how precipitation
characteristics change during these events was needed to inform and prepare agricultural
communities to forecasted changes.
Results showed 83% (76%) of the stations had a statistically significant positive
association between precipitation hours (accumulation) and ONI. Climatologically, Gulf Coast
stations (Corpus Christi, TX to Tampa, FL) experience approximately 75–160 hours with
precipitation during winter; however, during El Niño (La Niña) winters, these coastal stations
average between 100–180 (60–125) hours with precipitation, representing a roughly 15–30%
increase (decrease) compared to climatology. Significant positive associations were also found
between ONI and event duration (46 stations; 85%) and event frequency (27 stations; 50%). The
largest change in event duration between El Niño and La Niña events extended in a narrow
corridor from southern Louisiana to North Carolina, revealing that El Niño results in
significantly longer average precipitation event durations at these stations. Intensity was the only
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metric investigated that did not show a broad pattern, as only ten stations showed significant
positive associations between precipitation intensity and ONI, mostly across southern Florida
and coastal Carolinas, likely related to a shift in storm track and coastal convergence. These
results demonstrate that precipitation totals, as measured overwhelmingly at the daily scale, are
not the only parameter that changes during ENSO events, which should help future agricultural
practices across the region.
6.1.4 Trends in Extreme Hourly Time Series
The final chapter (Chapter 5) assessed trends in extreme annual hourly precipitation time
series at 50 first-order stations across the SeUS from 1960–2017. Numerous studies have found
or projected statistically significant increases in the frequency of extreme precipitation (Kunkel
et al. 1999; Trenberth et al. 2003; Groisman et al. 2005; Prein et al. 2017; Skeeter et al. 2019;
and many more) and Prein (et al. 2017) asserted that hourly precipitation extremes in the
contiguous United States should significantly increase in areas with abundant moisture. The goal
of this chapter was to determine if the magnitude of annual maximum one, three, six, twelve, and
eighteen-hour events, station specific annual 90th percentile hourly accumulations, and the
average and maximum dry spell duration had changed since 1960.
Results indicated the magnitude of annual maximum one, three, six, twelve, and
eighteen-hour events did not broadly change; however, station specific annual 90th percentile
hourly accumulations significantly increased at 36% (18/50) of the stations while another three
stations had increases significant at the 0.05 ≤ p. ≤ 0.10 level. The largest change in annual 90th
percentile hourly events was in Texas, where parameter estimates showed increases of 0.20–
0.26% per year. Annual average dry spell durations, defined as the average number of hours
between measurable precipitation events, significantly decreased at 18% (9/50) of the sites
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analyzed, while another four stations (decreasing trends) were significant at the 0.05 ≤ p. ≤ 0.10
level. Parameter estimates from regression performed on average dry spell duration time series
showed decreases of roughly 0.11–0.19% per year for stations across southern Florida.
The frequency of precipitation hours, excluding the pattern observed across GA, SC, and
northern FL, is remaining constant across the SeUS while hourly intensity and average
accumulations increase, the average duration of events decrease and extreme hourly magnitudes
have no spatially consistent trend. This provides evidence that the distribution of hourly
precipitation is changing, favoring more intense events, which shift the mean and 90th percentile
up, with shorter precipitation event durations. These finding are consistent theoretical research
on precipitation under a changing climate.
6.2. Recommendations
Overall, these manuscripts describe a changing character of precipitation across the

SeUS. Results are largely in agreement with previous empirical research (Powell and Keim
2015) that showed a broad increase in precipitation intensity while accumulations remain largely
unchanged. Excluding locations in Georgia, South Carolina, and northern Florida, the number of
precipitation hours is remaining constant while average hourly accumulations increase, causing
an increase in hourly intensity. At the same time, annual maximum hourly periods are not
broadly increasing spatially (or at that many stations) and the average duration of precipitation
events are significantly decreasing. This describes a shift in the hourly precipitation distribution,
where average hourly totals and the numerical values of 90th percentile hourly events are
increasing but the overall frequency (and totals) is not. In fact, only one station has a significant
increase in the frequency of precipitation hours from 1960–2017. These conclusions align well
with previous research (Groisman et al. 1999; Katz 1999; Karl and Trenberth 2003) that discuss
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how locations with sufficient moisture should receive more precipitation in less time even if total
precipitation amounts remain constant. It seems as if hourly events are becoming more intense
while individual precipitation events (consecutive hours with precipitation) become shorter, with
an overall average decrease in duration, as previously discussed by Groisman and Knight 2008
and Powell and Keim 2015. However, moisture changes are not uniform everywhere (see
Trenberth et al. 2003) and the sparse station network used in this research limits extrapolating
trends to larger areas.
These results provide evidence that changes in the hourly precipitation distributions are
likely related to increasing magnitudes of above average events across the SeUS. There are more
hours with above average accumulations through time at most stations, but these above average
hourly accumulation are not large enough to influence the annual total or annual maximum
hourly accumulations, which represent the heaviest hourly periods annually. It is possible the
lack of significant trends in the annual maximum hourly periods is related to the high variability
or increased variability through time. Nonetheless, this provides evidence that the distribution of
hourly precipitation is changing, favoring more intense events, which shift the mean and 90th
percentile up, with shorter overall precipitation event durations; however, the frequency of 90th
percentile events, while increasing at some stations, did not broadly increase across the region.
While some stations did experience more frequent heavy hourly events, the overall change in the
hourly precipitation distribution is likely being caused by increases in hourly magnitude (more
accumulation) hourly events.
Future research should continue to focus on sub-daily precipitation characteristics
because daily data does not accurately describe precipitation. This research has shown that
precipitation characteristics vary just as much as accumulation and provide more information
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compared to daily data. Going forward, better data resolution is needed. Gridded rainfall
products, such as the National Stage IV Quantitative Precipitation Estimates (QPEs), show
promise but lack the temporal resolution to carry out climatological analyses such as this one,
even if the spatial coverage is more complete. If gridded hourly products continue to develop and
can be used to quantify precipitation characteristics, the understanding of precipitation and
drivers of variation in precipitation fields will be better understood, helping communities better
adapt and prepare for futures changes in the climate.
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